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I have started my journey as an electrical engineer trained in one of the best engineering 
schools in Bangladesh called IUT before I came to Germany. After spending 2 years in 
the Bangladeshi academic environment during the post-graduation period, I have got the 
opportunity to pursue my MSc in Optics and Photonics at KIT in 2011. After joining KIT 
as a student, different sensing mechanism started to fascinate me as the sensors are an 
essential part of our life which translates our analog world into the digital world and en-
able us to make this planet a better place in many different ways.   
Before starting my Ph.D. work, I had the opportunity to work with an optical sensor, 
pressure sensor, and temperature sensor at a different stage of my MSc, which motivated 
me to try something new with a considerable challenge. The possibility of developing an 
eNose, which can be scaled up to multiple applications while fulfilling several system 
requirements amazed me to the core. Thus, I tried to spend the best of my time in that 
brief Ph.D. period to tackle some of the key challenges in this area. 
The work was carried out to fulfill the key application requirement as fire alarm using the 
eNose which has been envisioned within the scope of the Horizon 2020 SMOKESENESE 
project. As the call was led by one of the leading Fire equipment suppliers from Europe, 
FIRE EATER company, this gave us immense opportunity to test our solution in the real 
application environment. Simultaneously, several key limitations in the existing gas sen-
sor solutions were addressed within the scope of this work. 
 






Unsere Atemluft ist täglichen Schwankungen ausgesetzt und die Marktnachfrage nach 
Sensoren, die die Luftqualität messen können, steigt rapide an. Ein großer Teil dieser 
Nachfrage kann mit Metall-Oxid Gas Sensoren bedient werden. Diese Art von 
Gassensoren hat jedoch einige Nachteile im Bezug auf Genauigkeit, Langzeitstabilität, 
Leistungsaufnahme und Selektivität.  Auch fehlen großvolumige Anwendungsbeispiele 
auf dem Markt, die Metall-Oxid (MOX) Gassensoren einsetzen und dabei alle 
Systemanforderungen erfüllen. 
Diese Arbeit stellt die neueste Entwicklung der "KArlsruhe MIkro NAse", einer im 
Rahmen der EU Horizon 2020 Initiative namens SMOKESENSE entwickelten 
elektrischen Nase, vor und vergleicht diese mit dem aktuellen Stand der Technik für 
Metalloxid-Gassensoren.  
Es wird gezeigt, dass durch UV-Anregung der SnO2-Nanodrähte ein geringerer 
Stromverbrauch sowie eine minimierte Siloxan-Kontaminierung im Vergleich zu 
klassischen MOX-Sensoren erzielt wird. Zudem lässt sich mittels Aerosol-Jet-Druck eine 
vereinfachte und kostengünstigere Herstellung der Sensoren realisieren.  
Um die Massenproduktionstauglichkeit für eine Anwendung als intelligenter Feuersensor 
sicherzustellen, wird der Wachstumsprozess der Nanodrähte optimiert. Außerdem wird 
ein neuartiges chemisches FET-ähnliches Sensorkonzept namens Chem-FET vorgestellt, 
das im Vergleich zu UV-KAMINA ein verbessertes Signal-Rausch-Verhältnis und eine 
schnellere Reaktionszeit bietet. Eine überwachte Lernmethode des Maschinellen Lernens 
basierend auf einer linearen Diskriminanzfunktion wird verwendet, um verschiedene 
Zielgerüche zu klassifizieren. In einer Anwendung als Feuersensor erwiesen sich die 
entwickelten Sensorprototypen als konkurrenzfähig. Zusätzlich werden Möglichkeiten 
aufgezeigt, das Sensorprinzip als Plattform für andere Anwendungsarten verwenden zu 
können. 
Während mit den vorgestellten Methoden die Leistung des Gesamtsystems optimiert 
werden konne, bleibt als Ausblick Verbesserungsbedarf in Bereichen, wie z. B. der 





The air we breathe is changing every day and the market demand for the sensors that 
quantify our surrounding air is growing rapidly. A big portion of that market appetite can 
be fulfilled by a Metal oxide gas sensor. However, these types of gas sensors are lacking 
accuracy, long-term stability, low power consumption, and decent selectivity. The market 
is also lacking high-volume application examples using such sensors while fulfilling the 
system requirements. 
In this work, we tried to challenge the state-of-the-art metal oxide gas sensor solution 
with an electronic nose. The work represents the latest development of ‘Karlsruhe MIkro 
NAse’ within the scope of the European Union Horizon 2020 initiative project called, 
SMOKESENSE. The use of UV illumination as a means to excite the SnO2 nanowire 
improves the power consumption and minimizes Siloxane contamination. Additionally, 
due to the implementation of aerosol jet printing technology, the sensor concept became 
simpler and more cost-efficient. The nanowire growth process has been optimized to en-
sure mass production capabilities for the final application as a smart fire alarm. Last but 
not least, a novel chemical FET-like sensor concept has been presented called Chem-FET, 
which offers a better signal-to-noise ratio and faster response time compared to UV KA-
MINA. Linear Discriminant Analysis (LDA) has been used as a supervised machine 
learning method to classify the fingerprint of targeted smells. The prototype version of 
the developed sensor demonstrated competitive performance as the fire alarm. Addition-
ally, the sensing principle can easily be used as a platform for other types of applications.  
Even though the presented sensing methodology optimized the complete system perfor-
mance; however, several areas need to be improved as an outlook including smell char-
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1 Introduction  
The amount of air flowing in and out of our lungs with each breath is termed tidal volume 
and a fully-grown person inhales and exhales roughly 500 ml during quiet breathing1. On 
average an adult breathes 15,000 liters of air every day. Since the 17th century, the air we 
know and breathe is changing every second because of the industrial revolution. The in-
dustrial revolution has been the driving force of air pollution for centuries, as it started to 
change the way that we created everything before; from nutrition and energy to health 
and industrialized technologies. Part of the reason was the overachieving industrial 
growth target along with our inability of foreseeing the environmental impact of burning 
coal and fossil fuels. As shown in figure 1, according to the United States Environmental 
Protection Agency’s (US EPA) air pollutant emissions trends data, between 1995 and 
2019, emissions due to gross domestic product increased from 60% to 182%. At the same 
time, emissions due to vehicle miles traveled increased from 60% to 114%.  
 
Figure 1:  Comparison of growth areas and emissions from 1995 to 2019. Within that 
period emissions due to gross domestic product increased by 122%. At the same time, 
emissions due to vehicle miles traveled increased by 54%. The graph has been recre-
ated and modified from the reference2. 
 




According to EPA, as of 2019 approximately 82 million people nationwide lived in coun-
tries with high pollution levels as shown in figure 22.  
 
Figure 2:  Number of people living in countries with air quality concentration above the 
tolerable level of NAAQS (At least one of the substances from the listed pollutants), O3, 
PM10, PM2.5, SO2, and Pb in 2019. Recreated from the reference
2. 
 
All of these air pollutants are harmful to our health in many different ways. This also has 
adverse impacts on the environmental ecosystem. World Health Organization (WHO) re-
ported 7 million deaths per year linked to air pollution3, which is reflected as 5 trillion 
USD yearly economic damage4. Employee productivity can be decreased by up to 50% 
due to poor air quality in the offices5. All these development justifies air pollution featur-
ing in UN Sustainable Development Goals (SDGs)6.  
Therefore, logically gas sensor’s importance is growing in the market, as it has the poten-
tial to revolutionize the way we interact with air quality at the moment. According to the 
Yole development report, the gas sensor market will soar up to ~ $1B in 2023 with a 6% 
Compound Annual Growth Rate (CAGR)7. The market growth will be driven by demand 
control ventilation with energy-saving and maintaining of good air quality as two primary 
objectives. Additionally, in the consumer section, they also predict that the gas sensor 
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might be the next sensor to be integrated into smartphones in near future. However, the 
biggest market share belongs to safety applications.  
  
 
Figure 3:  Gas sensor market projection from 2017 to 2023. The market is dominated 
by safety applications. However, the main growth driver is HVAC (Heating Ventilation 
and Air Conditioning) and Air comfort/ well-being products. At the same period, medi-
cal and consumer applications will experience steady growth. Recreated from the refer-
ence7. 
 
The rapid growth of the market indicated strong potential which is visible in the patent 
battles among the leading companies. Leading companies are trying to cover as many 
technologies as possible with a goal to enter the smartphone market. Sensor size, stability, 
selectivity, and energy consumption are the limiting factors to enter into the consumer 
domain. Therefore, a large number of publications and patents in the gas sensing segment 
are targeting specific gas selectivity with the help of material optimization or introducing 
physical detection techniques.  
However, apart from specific gases, there are applications where fingerprints of a combi-




freshness monitoring10, early fire detection11, explosive detection12, etc are notable appli-
cations. For such applications, an electronic nose system is better suited than a typical gas 
sensor targeting a specific gas. Within the scope of this work, an electronic nose platform 
has been developed and relevant applications have been investigated thoroughly. 
To develop an electronic nose, both the material development process and algorithm need 
to be optimized for a targeted application. The work has been carried out under the um-
brella of the SMOKESENSE project of the European Union Horizon 2020 initiative. 
SMOKESENSE project envisioned to radicalize the fire detection technology by devel-
oping a novel system consists of a miniaturized smart smell sensor having superior per-
formance compared to the state-of-the-art fire alarms. The sensor solution is targeted to 
disrupt safety and consumer applications. Several key areas have been identified as pain 
points for the existing fire hazard safety solutions in the market, which are listed below: 
•  The limited scope of measurements and amount of gasses 
•  Complex system requirement with multiple sensor components 
•  Poor early detection capabilities, as the sensor is placed far from the fire source 
These limitations result in extensive economic and ultimately even personal losses either 
due to late response or false alarms. The consortium members were committed to over-
coming scientific and technical barriers by developing a system with the ideal combina-
tion of gas sensing technologies and machine learning algorithms. 
Naturally, the project objective defined the first research target. 
Research Target 1: Develop a SnO2 nanowire-based eNose that can be used as a smart 
fire detector. The eNose should be able to detect potential fire hazards in the early stage 
and simultaneously predict the source of the potential fire.   
A very important aspect of any technology development is scalability. Scalability defines 
the system's ability to be used across multiple applications according to market potential. 
The project stakeholders would become more confident to invest in a technology devel-
opment cycle that is easily scalable. Hardware and software both need to have the ability 
to fulfill the need for multiple applications. This scalability requirement defines the sec-
ond research target of this work. 
Research Target 2:  The developed platform within the scope of the SMOKESENSE pro-
ject should be able to reuse for other applications. 
State of the art metal oxide gas sensor comes with several limitations13, explicitly: 
• High energy consumption due to constant heater control operation at 300 °C  




• Poor long-term stability due to multiple drifting components 
• Strong cross sensitivities to non-targeted gases 
• Gradual sensitivity loss of the sensor due to Siloxane contamination 
The task to optimize these limitations has defined the third research target. 
Research Target 3:  Investigate the root cause of the limitations of the state-of-the-art 
SnO2 material for gas sensing application and demonstrate a potential solution to mini-
mize as many limitations as possible within the scope of the thesis work. 
All three research targets are addressed in section 6.4 of Chapter 6.  
 
Thesis outline: 
The introductory chapter is followed by chapter 2, Theoretical Framework which pro-
vides the necessary theoretical foundation to follow the rest of the content of this thesis.  
Chapter 3, covers all the experimental setups and test methodology which have been used 
at different stages of the work. Additionally, the SnO2 growth process has also been dis-
cussed in detail. 
Chapter 4 titled KAMINA (KArlsruhe MIkro NAse) covers the journey of the KAMINA 
system from heater-based KAMINA to UV-KAMINA which has been used successfully 
to facilitate the SMOKESENSE project.  
Chapter 5 titled UV Chem-FET KAMINA introduces a novel electronic nose concept, 
which has minimized some of the shortcomings of the UV KAMINA. From concept to 
final demonstration as an eNose-prototype has been covered in detail in this chapter. 
Chapter 6 is titled Performance of the sensor as eNose, where all the major results have 
been summarized and presented. The final status of the research targets is also addressed 
here. 
Last but not the least, chapter 7 titled Executive Summary captures the key achievements 





2 Theoretical Framework 
This chapter is designed to facilitate the reader to become familiar with the electronic 
nose concept. eNose is developed based on two main components, namely a gas sensor 
array and a machine learning algorithm. The fundamentals of the classification algorithm, 
called Linear Discriminant Analysis (LDA) will be discussed, which has been used ex-
tensively throughout this work to quantify the eNose performance. Additionally, a brief 
introduction to SnO2 nanowire material is provided, which has been used in an array as a 




2.1 Electronic nose 
Electronic nose or eNose is an electronic sensing system designed to detect odors or 
smells. An eNose needs to mimic a mammalian olfaction system to perceive the smell as 
a global fingerprint. The steps of the recognition process are very similar to the human 
olfaction system. For humans, when a smell is experienced, the nose and the mind coop-
erate to sort out many exceptionally minuscule atoms or compounds, that are skimming 
around. If a greater amount of these atoms arrives at the top of the nasal cavity while 
sniffing, it is easier to smell. Inside the nose, some neurons covey the electrical messages 
to the brain, where it processes the information and trains itself with the particular smell 
for future detection.  
For example, as shown in figure 4, when something is burning in the living room, a lot of 
complex organic and inorganic material starts burning simultaneously. Residues in the air 
go through our nasal cavity and in the 2nd step, olfactory mucosa sends a specific burning 
fingerprint signal to the brain. The brain classifies the smell signal based on previous 
learning and takes emergency preventive action. Then the brain updates the classification 
of the burning smell data for future reference.  
Recent studies done by A. Keller and the team reported that humans can discriminate 
more than 1 trillion smells14 using 400 types of receptors, which are a total of several 
million in number. Specific receptors in the nose trigger signature neural responses. How-





Figure 4:  The way the human nose identifies, classify and remembers the fingerprint of 
a burning smell. Step 1: Burning smell goes through the nasal cavity of a human being. 
Step2: Olfactory mucosa sends an already trained signal to the brain. Step3: The brain 
classifies the signal and recognizes that something is burning and take necessary ac-
tions. 
 
Similarly, eNose has two main building blocks explicitly gas sensors as smell receptors 
and a computational unit where the receptor signal is processed and classified based on 
previously characterized training data. The smell classification is done in the learning 
phase. The idea has been presented numerous times with different technologies15–23. 
However, the essence of each approach is identical, which is a combination of an array 
of sensing elements and a machine learning algorithm. 
As shown in figure 5 to use an eNose as a fire alarm the burning smell initially needs to 
be detected by the sensor array followed by smell classification based on a machine learn-
ing algorithm.  
 
 




Figure 5:  Resemblance of eNose with a biological nose. Step1: The burning smell is 
generated and traveled to the sensing element. Step2: The sensing element of the sensor 
reacts with the molecules responsible for the burning smell and sends an already taught 
fingerprint signal to the application layer. Step3: At the application level, the burning 
smell fingerprint signal is classified using a machine learning algorithm 
 
For this study, SnO2 nanowire material has been used as the detector and Linear Discri-
minant Analysis (LDA) as the classification algorithm. LDA is a commonly used tech-
nique for data dimensionality reduction and classification.  
2.2 Classification algorithm: Linear Discriminant 
Analysis (LDA) 
Linear Discriminant Analysis is a dimensionality reduction method. It discriminates the 
groups based on several features. It tries to reduce the number of dimensions in a dataset 
while retaining as much information as possible. The original technique was developed 
as Fisher’s Discriminant Analysis24, which was a two-class technique. LDA is one of the 
widely used classification techniques at the moment25–30. LDA is a purely statistical 
method (multivariate data analysis method) without any averaging, fitting, or other pro-
cesses which cut or estimate data. All input data is kept alive and LDA gives just the best 
view on the data concerning the separation of groups. 
The following steps need to be followed to use the LDA technique for classification.  
I. LDA can only be used as supervised classification techniques. Therefore, the data 





II. Separability, Sb between different classes needs to be calculated using the following 
equation: 







Sb = Separability 
g = Number of classes 
𝑋 = Mean of the class means 
T = Transpose 
  
III. Within the class, variance needs to be calculated by calculating the distance be-
tween the mean and data point from each class. Within-Class Variance, SW can be 
calculated using the following equation: 








IV. Find a lower-dimensional space that maximizes between-class variance (Step II) 
and minimizes within-class variance (Step III) using the following equation: 





P = lower-dimensional space projection. Also known as Fisher’s criterion. 
The principle is presented in figure 5. The LDA algorithm looks for a projection that 







Figure 6:  The working principle of the LDA algorithm looks for a projection that mini-
mizes the distance Sb and at the same time maximizes the distance Sw between each 
class. 
2.3 SnO2 nanowire  
SnO2 is an n-type semiconductor with a wide bandgap (E.g. = 3.6 eV at 300 K). It has 
been widely used for gas sensing, optoelectronic devices, transparent conductor, and 
many other applications. Only because of its vast practical importance, an increasing 
amount of work has been done on crystalized SnO2 to understand the semiconducting 
nature of this material. In this section, the geometry, band structure, optical properties, 
and gas sensing properties of SnO2 nanowire (section 2.3.5) will be discussed. 
2.3.1 The geometry of SnO2 nanowire 
SnO2 nanowire has a tetragonal rutile structure with a space group of P42/mnm (136), 
where, P indicates a primitive Bravais lattice, 42 a screw axis, m indicates mirror planes 
and n indicates a glide plane. The unit cell contains two Tin and four Oxygen atoms as 






Figure 7:  Typical SnO2 nanowire unit cell and crystal structure. The figure has been 
produced using VESTA software under a common license agreement31. 
 
Six oxygen atoms are placed approximately at the corners of an octahedron and each 
oxygen atom is surrounded by three tin atoms approximately at the equilateral triangle 
corners, which gives the structure 6:3 co-ordinations. The typical lattice parameters meas-
ured using XRD, are a=b= 4.7 Å; c= 3.18 Å with the c⁄a ratio of 0.676. Ionic radii for O2- 
is 1.4 and for Sn4+ 0.7 Å. 
2.3.2 Band structure of SnO2 
The band structure of SnO2 is nicely captured in different publications 
32–34. As shown in 
figure 8, the conduction band minimum is at the zone center Γ. This state from 3.6 eV 
upwards is a single minimum having no subsidiary minima leading to an indirect gap. 
The main minimum is formed due to the 5s2state. Sn has an electronic configuration as 
follows [Kr]4d105s25p2. It is a direct bandgap with an effective mass of 0.23-0.3. In a 
tight binding portrayal, it contains 96% of Sn S states.  
The upper valence band from 0 eV to -8.1 eV consists of mainly 2p states of Oxygen 
along with some Sn s and p states. The Ionicity of SnO2 is approximately 60%. Addition-
ally, at -16 eV, there are O 2s states which are not contributing to the bonding.  
The upper valance band is fairly flat contributed by oxides having a large effective mass, 




providing indirect bandgap35, which is also consistent with the UV spectra, which has 
been presented experimentally36. 
 
Figure 8:  SnO2 band structure. Bandgap fitted
33. Reused with permission from 
Springer Nature’ 
2.3.3 Optical properties of SnO2 nanowire 
The optical properties of SnO2 nanoparticles and thin film have been investigated exten-
sively by several groups37–40. However, comparatively, there is less reporting on the op-
tical property of SnO2 nanowires, which has been nicely covered by I. Manna et al. 
41 and 
later confirmed by M. Augustin and M. Sommer et al42. In the group of I. Manna, the 
SnO2 nanowires were synthesized based on thermal evaporation of Sn powders in the 
presence of a gold catalyst. UV-VIS absorption spectra of the samples were studied for 
the wavelength range 200–800 nm to determine the bandgap using a PEL 45 spectropho-
tometer. The optical bandgap is reported to be 3.6 eV which is similar to the reported bulk 
SnO2 bandgap
39. The typical absorption spectrum is presented in figure 9. Within SnO2 
nanowires, there is oxygen deficiency in the surface which is situated at ~2.7 eV below 
the conduction band minima and 0.9 eV above the valance band maxima. The oxygen 
vacancies also possess a high electron affinity to trap electrons locally forming interme-





Figure 9:  Typical optical absorption spectrum of SnO2 nanowires grown at 850°C tem-
perature. Inset: Schematic energy band diagram of SnO2 nanowires and nanobelts, 
where the optical bandgap is reported to be 3.6 eV. Recreated from41 with permission.  
 
2.3.4 Electrical properties of SnO2 nanowire with UV illumination 
The electrical properties of SnO2 material are initially published by Jarzebski and Marton 
et al44. In pure form, SnO2 is an n-type wide-bandgap semiconductor, and therefore its 
electrical conduction results from the existence of point defects (native and foreign atoms) 
which act as donors or acceptors. Later on, electrical characteristics of SnO2 nanowire 
under UV illumination have been reported by Wei Lu et al45. In essence, when a pristine 
SnO2 nanowire makes a connection between two electrodes, a rectifying behavior is ex-
pected at room temperature without any excitation, as shown in figure 10(a) (curve a). 
This is the signature behavior of Schottky barriers at the metal/ semiconductor contact. 
In a vacuum (10-5 Torr), a smaller increase in current can be observed (curve b). Upon 
illumination by UV light, Ohmic behavior can be expected (curve C) by enhanced elec-
tron tunneling at the Schottky junction due to an increment of carrier density attributed to 





Figure 10:  Electrical properties of a SnO2 nanowire. (a) Ids-Vds curves of a nanowire 
device measured in the dark at atmospheric pressure (curve a) and in a vacuum (curve 
b) and exposed to 254-nm UV at atmospheric pressure (curve c). Inset: scanning elec-
tron microscopy (SEM) image of the SnO2 nanowire device. (b) Reversible switching of 
the nanowire device between low and high-resistivity states as the UV light was turned 
on and off frequently. Reused with permission from45. 
 
As shown in figure 10(b), for a device having a single nanowire conduction path, when 
the UV source switched on and off and rapidly, the resulting current increased from 0 to 
1µA. For a short period, the recovery time can be very fast (~ 1 s). The photocurrent 
sensitivity was estimated to be ~5 × 105. The photoconductive gain can be defined as 
the ratio of the number of electrons collected per unit time and the number of photons 
absorbed per unit time. The gain reported was 3000, which is comparable to earlier studies 
on similar material46–50. This effect is due to the long photocarrier lifetime along with 
short carrier transient time in nanowire devices. Such property ensures a fast response 
time and high photocurrent sensitivity. Consequently, SnO2 nanowire Schottky diodes are 
suitable candidates as UV photodetectors or photo-switches. 
2.3.5 Gas sensing properties of SnO2 material 
The gas sensing property of a metal oxide material is well-known since the last century51–
53. However, the fundamentals of gas sensing property have been nicely explained for the 
first time with a theoretical model by Barsan and Weimar et al54,55.  
In simple terms, an n-type metal oxide-based gas sensor like SnO2, in normal air at excited 
condition (heat or UV excitation) accumulates oxygen at the surface by trapping electrons 
from the bulk, and consequently the resistance of the sensor increases. A target gas in the 
atmosphere may interact with the pre-adsorbed Oxygen or directly with the Oxide and 
trigger a change of the sensor resistance, which can be monitored as the sensor signal. 




target gas. Therefore, two aspects need to be considered, i.e. 1) The surface reaction be-
tween the material and the gases and 2) the transduction into the resistance changes of the 
sensor. This phenomenon has been nicely captured in figure 11. 
 
Figure 11: (a) Schematic representation of a porous sensing layer with geometry and 
energy band. λD Debye length, xg grain size. (b) Different conduction mechanisms and 
changes upon O2 and CO exposure to a sensing layer in overview: This survey shows 
geometries, electronic band pictures, and equivalent circuits. EC minimum of the con-
duction band, EV maximum of the valence band, EF Fermi level, and λD Debye length. 
Reused with permission from55. 
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The performance of the sensor depends on the measurement parameters like excitation 
power, the morphology of the nanowire, and Schottky potential. A nanowire is a single 
crystal, the surface reaction that influences the complete conduction path. For a nanowire-
based gas sensor, the gas interaction can happen at the surface of a nanowire or the inter-
face between the nanowire and electrode. Under excitation, the nanowire gas interaction 
is analogous to a change of initial resistance, R, however, at the metal nanowire junction, 
the gas response is analogous to a parallel RC circuit as shown in figure 11 (b) as nano-
crystal and Schottky contact. 
In the case of chemisorption, the position of the Fermi level changes relative to the posi-
tions of the conduction band and valance band. In contrast, in the case of ion-absorption, 
the transfer of charge takes place between adsorbate and adsorbent, hence, the Fermi level 
is raised resulting in a net transfer of electrons to the surface via downwards bending of 
the bands, while hole-electron pairs are generated within the solid by the absorption of 
photons. If photon flux is interrupted, the system relaxes towards the equilibrium position. 
A reversible change can be expected with adsorption under irradiation and desorption in 
the dark. 
However, one of the limitations of SnO2 material’s gas sensing property is its selectivity 
towards a target gas, which is a major limiting factor for some of the applications. For 
example, SnO2 material is widely used as an indoor air quality sensor, where it monitors 
the Volatile Organic Compound concentration. Common examples of VOCs that are pre-
sent in the indoor environment are Benzene, Formaldehyde, Xylene, Toluene, etc. Com-
mon sources of VOCs are paints, wood preservatives, aerosol sprays, cleansers, disinfect-
ants, dry cleaned clothing, building materials, furnishing, office equipment such as 
copiers, printers, etc56. Regrettably, different types of VOC react very similarly with 
SnO2. Not all VOCs are proven to be harmful to health
57–59. Formaldehyde and Benzene 
have a more adverse effect on our health than other VOCs60,61. Therefore, actual indoor 
air quality should have been monitored based on Formaldehyde and Benzene concentra-
tion, but as most of the VOCs are having a similar surface reaction with SnO2, such device 
can't be selective towards a specific type of VOC. For this work, the selectivity is achieved 
by using an additional classification algorithm, which minimizes such material limitation 
for a targeted application. 
2.4 SnO2 nanowire synthesis methodology  
Due to high application potential, the controlled growth of nanowires is decisive to build 
devices having specific physical properties. Being an eminent METAL OXIDE gas sen-
sor with a wide bandgap, the SnO2 nanowire/ nanobelts synthesis process has been re-




based approach has been reported on multiple occasions62,63. The template-based ap-
proach gives better control over the size and morphology; however, there are several 
shortcomings with this approach. Metal nanowires synthesized often possess poly-crys-
tallinity and removal of the template is troublesome as it prevents straight and smooth 
channels. Therefore, Vapor-Liquid-Solid (VLS) and Vapor-Solid (VS) mechanisms are 
popular for such metal-oxide nanowire synthesis due to favorable fast growth. Freestand-
ing Si whiskers with sub-micro radii on a Si substrate having Au island at 1000 °C was 
first reported by Wagner et al in 196464 and later on by Givargizov et al in 1987 65. The 
mechanism is presented in figure 12. However, the physical properties of nanowires are 
mainly determined by their synthesis process. Recent reviews have captured the funda-






Figure 12:  The Wagner-Ellis sketch schematizing the VLS growth of Si “whiskers” by 
the Au-assisted CVD. (a) Au-Si droplet on the substrate surface; (b) Whisker growth un-
der the droplet; (c) Au-Si phase diagram showing the melting point at 363°C and the 
equilibrium silicon concentration CE at the liquidus (solid line) at a given surface tem-
perature T (dashed line). Vapor flux renders the Si concentration in the alloy into a su-
persaturated value CL; Temperature T + T corresponds to the point at which the entire 
VLS system is in equilibrium. Reused with permission64. 
 
A similar method has been used for this work to develop the SnO2 nanowires. In other 
words, the used method is called the ‘High-Temperature Compensation’ (HTC) method. 
However, as a nanowire growing substrate, black Si has been used, which offers a great 
deal of high aspect ratio reaction favoring sites for the nanowire growth. Further details 
are covered in section 3.1.   
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2.4.1 Nanowire nucleation method: Controlling parameters 
The controlling parameters of VLS have been nicely summarized by G. Dubrovskii et al. 
in his book ‘Nucleation Theory and Growth of Nanostructures’72. In short, the classical 
approach to explaining the nanowire nucleation phenomena has been developed on two 
core assumptions namely, low critical temperature, 𝑇𝑐 and supersaturation of a metastable 
phase. Therefore, the entire phenomena can be subdivided into a communal of dense nu-
clei and a diluted perfect vapor. Unfortunately, classical nucleation theory does not al-
ways support the experimental result, hence non-classical scenarios are often observed. 
However, to get a feeling of how dynamic these scenarios might be, in this section, the 
phenomena are explained in the frame of the lattice gas model. 
The nucleation theory of nanowire can be explained as a first-order phase transition with 
a grand canonical ensemble in thermodynamic equilibrium within a fixed volume. The 
process starts with the discontinuous change of density due to the condensation of super-
saturated vapor into liquid droplets accumulated on the substrate in a colder region. The 
thermodynamic properties of the system depend upon the equilibrium relation of state 
among pressure (P), volume (V), temperature (T), atomic density (n), interatomic poten-
tial (U), and chemical potential (μ). The configuration part of the statistical sum of a grand 
canonical ensemble for all non-identical atoms (i, j) can be written as: 
 












• 𝑘𝐵 = Boltzmann constant 
• NT = Total number of sites 
 
In the simplest case, the local potential field acting upon the atom in a given site ‘i’ can 
be approximated by mean-field approximation with average occupation ‘θ’. 
 ∑𝑈𝛼𝑖𝛼𝑗
(𝑖,𝑗)
 =̃  −𝑈0𝜃𝛼𝑖  (2) 
 
Where, 𝑈0 is the effective energy of attractive interactions for reaction site ‘i’ and θ can 
be defined as: 
 













Here, N is the total number of molecules in the system which is always smaller than the 




Plugging equation (2) into (1) leads to diagonalization of the statistical sum: 
 







Here, 𝜑 is the dimensionless interaction constant. 
The method utilizes the metal droplet which is liquid during growth.  Nanowire growth 
and radius are determined by those droplets while the nanowire length is related to time. 
SnO2 nanowire growth mechanism based on VLS was explained by Sberveglieri and 





3 Experimental Setup and 
Methodology 
In this chapter, an overview of all the experimental setup used for different measurements 
has been presented. It has been started with a SnO2 nanowire fabrication setup. Then the 
gas mixing system used extensively for characterization is discussed. The chapter also 
covers the special application evaluation set up built for fire alarm and explosive detection 
applications. Lastly, the fire alarm verification set up which has been built at DBI as a 
partial requirement to fulfill the European Union Horizon 2020 SMOKESENSE project 
has been addressed. 
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3.1 SnO2 nanowire fabrication set up based on VLS 
method 
A quartz tube within an oven is needed to produce the nanowire. An arrangement is nec-
essary to have a fixed pressure and carrier gas flow to maintain the desired environment 
for the process. As shown in Figure 13(a) piezoelectric vacuum gauge controller from the 
MKS company has been used to control the pressure. A Jumo LR 316 has been used as a 
temperature controller for the oven. To control the gas flow two Mass Flow Controllers 
(MFC) are necessary. One of them has been used to maintain constant carrier gas Ar and 
the other one to provide O2 during the oxidation phase.  
 
 
Figure 13:  SnO2 nanowire production set up. (a) For the SnO2 nanowire growth pres-
sure, temperature, and gas flow need to be controlled precisely. The pressure has been 
controlled using an MKS pressure controller. The temperature has been controlled by 
the Jumo temperature controller and the gas flow has been controlled by MFC (Mass 
Flow Controller). (b) The oven heated up to 950°C, wraps the glass tube where the nan-
owires are produced. For the feedback control of the pressure, the vacuum pump is 
placed at the outlet and the two MFCs controlling the O2 and Ar flow are placed at the 
inlet of the gas tube. (c) The schematic of the setup. The Black Si has been used as the 




SnO precursor and substrates need to be located within an alumina boat placed at the 
central part of the oven as shown in figure 13 (c). Dissociation reaction happens within a 




→  Sn (l, g) + SnO2 (s) (i) 
 
The process happens in a constant flow of inert gas (Ar) which flows in the reactor since 
the beginning of the heating cycle. Then the Sn vapor is carried to the substrate at a colder 
region where it condenses. The consequent introduction of an oxygen flow promotes the 
crystallization of the SnO2 nanowires. Grown nanowires have been characterized using 
Scanning Electron Microscopy (SEM) and X-Ray Diffraction (XRD). A typical process 
flow looks as shown in table 1.  
Table 1: Process flow of a typical SnO2 nanowire production cycle 










Step 1 300 0 100 0 15 
Step 2 300 0 100 0 15 
Step 3 1040 0 100 0 40 
Step 4 1040 300 100 0.5 60 
Step 5 15 300 100 0 05 
Step 6 15 1000 500 0 10 
 
As reported by Comini and Sberveglieri et al.73, SnO precursor decomposes into SnO2 
(solid) and Sn (liquid and vapor) by following equation (i) and carried by the carrier gas, 
Ar to the nanowire growing substrate. Sn vapor condenses on the substrate and appears 
like droplets as shown in figure 14 (a), where normal Si substrate has been used. At dis-
sociation temperature, a large part of the Sn transforms into SnO2 nanocrystal as shown 
in figure 14 (b). Very few amounts of SnO2 wool-like whiskers or SnO2 nanowires are 
seen at different places on a Si substrate as shown in figure 14 (c) and 14 (d) respectively. 
Si substrate lacks sufficient reaction sites and free surface energy according to the Gibbs-





Figure 14: (a) Sn droplet on Si substrate. (b) Sn droplets transform into SnO2 crystals. 
(c)   SnO2 wool-like whiskers grown on the substrate. (d) Very few nanowires grown on 
the Si substrate 
 
To improve the nanowire quantity and achieve better control over nanowire size, gold-
sputtered Si substrate was investigated as well. In this case, the Sn droplet wets the growth 
front initially and Au island acts as a growth nucleus. The introduction of O2 favors the 
SnO2 nanowire growth as well. The average nanowire diameter and length achieved using 
the method was 62 nm and 120 nm respectively as shown in figure 15. Even though this 
method offers better control over nanowire size, the quantity of nanowire is very much 
limited. In some areas on the substrate, the nanowire did not grow at all due to the high 
density of Sn droplet creating strong capillary force with the surface. Consequently, the 
nanowire amount was not sufficient to cover multiple KAMINA sensors. Additionally, 





Figure 15:  SnO2 Nanowire grown with the help of the Au island. The average nanowire 
diameter achieved was 62 nm and length 120 nm. 
 
As an alternative to Au island, high aspect ratio black silicon substrate was investigated 
later on. Black silicon is an etched Si substrate having sharp tips, which favor the for-
mation of initial nuclei. The Black-Si (figure 16 (a)) has been produced by the cryogenic 
etching process of silicon using SF6. Reactive Ion Etching (RIE) chamber needs to be 
cooled down to 163K and gas flows into the chamber need to be initialized with the flow 
of SF6 (65 SCCM), O2 (44 SCCM), and Ar (50 SCCM). The high Oxygen content leads 
to a self-passivation of Si during the process. This self-passivation layer masks the Si 
locally from etching and creates vertical Si-structures scattered across the etched surface. 
For the process, a dry etching cluster consists of Oxford RIE Plasma-lab System 100 with 
ICP 380 sources has been used. The device is designed to work at a high frequency of 
13.56 MHz combined with a high vacuum chamber. These high aspect ratio Black-silicon 
structures provide optimum ‘Gibbs free energy’74.  
Different stages of nanowire growth are captured in figure 16. To investigate the growth 
process step by step, five separate experiments were conducted providing different disso-
ciation times. The complete process flow has been discussed in table-1. At step 3 the 
dissociation reaction is triggered and Ar flow carries the Sn (l) to the substrate. Figure 16 
(b) has been captured at the 2nd half of step 3, showing the black silicon spikes are covered 
with Sn. Tips of the black silicon substrate favor accumulation of nuclei as shown in 
figure 16(c), which has been captured at the end of step 3 and beginning of step 4. Figure 
16(d) has been captured at the beginning of step 4 and is presenting an area where a lot 
of SnO2 nuclei have been accumulated on the top of the Black silicon  tip. All of these 
sites are potential nanowire growth starting points. Figure 16(e) has been captured from 
the same substrate but the first half of Step 4. In that location, several early nanowires 
already start growing horizontally. Figure 16 (f) is the end of the process scenario after 








Figure 16: (a) Black-Si substrate having a high aspect ratio. (b) Sn vapor condenses on 
black silicon substrate. (c) A ball-like formation of SnO2 crystal on top of the Sn-cov-
ered black silicon substrate. (d) SnO2 nanowire growth starts from the ball-like nuclei. 
(e) Several nanowires start growing vertically (d) Final stage: After the complete 
growth process, highly dense long nanowires were produced.  
 
The development comes out from the liquid phase and rapidly grows due to the short 
distance between their nascent part and nutrient droplets. Until the complete usage of the 
liquid Sn, the growth process continues. After that, growth degenerates and ceased to an 
end, leaving a characteristic shape at the wire end as shown in figure 17. 
 
 
Figure 17:  (a) SnO2 nanowire growth at the edge of the substrate (b) Typical nanowire 
ending at the end of the degeneration process. 
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However, getting an ideal nanowire growth requires absolute control on the complete 
process. A 10% increase of SnO2 may result in complete coverage of the black-Si sub-
strate with the Sn layer as shown in figure 18 (a). The substrate looks like a honeycomb 
structure. Consequently, as the black-Si tips are covered, they no longer facilitate the 




Figure 18:  (a) High coverage of Sn droplet covers the complete black-Si tips and form 
a honeycomb-like structure. (b) As the black-Si tips may no longer facilitate growth, 
very few nanowires were found at the end of the process. 
 
The primary objective of the nanowire production process development was to optimize 
the nanowire production volume and produce enough nanowire for at least 50 KAMINA 
sensors. The methodology can be considered as a proof concept for the mass production 
process. For the e-Nose application, nanowires need to be dispersed on the sensing elec-
trodes. After the collection of nanowires from the substrate, they need to be submerged 
within an Isopropanol solution followed by an ultrasonic bath to achieve good nanowire 
distribution within the solution. Then the nanowires are drop-casted on the sensing elec-
trode using a syringe. Nanowires having a smaller diameter than 100 nanometers tend to 
break into particles during sonication and therefore do not support a percolating connec-
tion between two electrodes. So, the preferred nanowire diameter is >100 nm. Optimiza-
tion of the process to achieve a high nanowire quantity will be discussed in section 6.1. 
Additionally, further details on the nanowire dispersion on the KAMINA sensor will be 




3.1.1 Overall control of the nanowire fabrication setup 
To trigger the dissociation reaction of SnO precursor, 900°C temperature is needed in a 
low-pressure condition. Therefore, it was very important to precisely know the tempera-
ture at the exact position of the precursor within the oven. To achieve that, the oven tem-
perature was verified using a reference sensor (Testo 901). The reference sensor was po-
sitioned in the middle of the oven while the oven was heating up to 1100°C. As the test 
setup was not completely thermally isolated, there is a difference between the controlled 
temperature by the oven and the actual temperature measured by the reference sensor. As 
shown in figure 19 (a), the oven heats up linearly. However, to achieve 900°C in the 
middle of the oven, the set temperature of the oven needs to be 950°C. As shown in figure 
19 (b), the temperature at different positions of the oven was mapped precisely to ensure 
that the SnO precursor experience 900°C, and the nanowire growing Black-Si substrate 
is placed in between the temperature region of 870°C and 900°C.  
 
 
Figure 19:  Precision temperature control to ensure the dissociation process of SnO 
particle precursor at 900 °C. (a) The set temperature and actual temperature relation-
ship are linear. However, there is a difference of rough 100°C, which is caused by the 
non-optimal thermal insulation of the setup. (b) The temperature profile within the 
oven. 
3.2 Sensor housing for the characterization 
As shown in figure 20, a steel housing has been used for the gas measurement. The hous-
ing has been designed in such a way, that there is no leakage and it can maintain laminar 
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flow while exposing the sensor to the target gas concentration. For UV illumination there 
is a Sapphire-glass window to maintain UV irradiation from an outside UV-LED from a 
5 mm distance.  
 
Figure 20:  CAD drawing of the housing optimally designed for the gas measurement. 
On top of the housing, there is a hole to accommodate the UV LED. 
3.3 Gas mixing system used for characterization 
To deliver the target gas to the gas chamber a gas mixing system has been used, where 
relative humidity could have been varied from 0% to 100%. For control purposes, a cali-
brated temperature sensor and a relative humidity sensor were connected before the gas 
box. The sensor’s performance parameters like dynamic detection range, sensitivity, re-
sponse time, etc. have been investigated using this setup. The schematic of the setup is 
presented in figure 21.  
The Gas Mixing System (GSM) has two parts, one has been used to maintain a reference 
air condition and the other part is used to supply a specific gas concentration. Both parts 
were having a separate air humidifier to maintain the target humidity. In total there are 
eight Mass Flow Controllers (MFCs) having a maximum range from 10 SCCM to 1000 
SCCM. Dynamic MFC range is helpful to achieve a wide variety of gas concentrations 
from ppt level to ppm level. Synthetic air created by a ‘Zero air generator’ has been used 
as the carrier gas for both sides of the system. At a time, 6 gas bottles can be connected 
with the system which is marked as G1 to G6. An example measurement sequence is 





Figure 21:  Gas Mixing System (GMS). The left portion marked as ‘Reference Air’ of 
the system was used to maintain the reference airflow with fixed relative humidity. The 
right portion marked as ‘Target gas concentration supply’ was used to prepare a cer-
tain gas concentration. 
 
To achieve a target gas concentration at specific relative humidity, the following equation 
has been used: 
 
𝑇𝑐 = 




 Where,  
𝑇𝑐 = 𝑇𝑎𝑟𝑔𝑒𝑡 𝑔𝑎𝑠 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑝𝑝𝑚) 
𝐵𝑐 = 𝐵𝑜𝑡𝑡𝑙𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑝𝑝𝑚) 
𝐷𝑓 = 𝐷𝑟𝑦 𝑎𝑖𝑟 𝑓𝑙𝑜𝑤 (𝑠𝑐𝑐𝑚) 
𝑊𝑓 = 𝑊𝑒𝑡 𝑎𝑖𝑟 𝑓𝑙𝑜𝑤 (𝑠𝑐𝑐𝑚) 
 
 
Target relative humidity can be achieved by varying the ratio between Df and Wf.  
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For example, if a sensor needs to be characterized at a room temperature and atmospheric 
pressure with a 500-ppm gas bottle concentration at 1000 SCCM flow, then a typical gas 
measurement protocol is presented in the following table: 
Table 2 Typical gas measurement protocol 
Target  
condition at 25°C 



















30 0 0 0 0 0 500 500 
Air 50% RELA-
TIVE HUMIDITY 
+ 1 ppm gas 
15 498 500 0 0 2 0 0 
Air 50% RELA-
TIVE HUMIDITY 
30 0 0 0 0 0 500 500 
Air 50% RELA-
TIVE HUMIDITY 
+ 10 ppm gas 
15 480 500 20 0 0 0 0 
Air 50% RELA-
TIVE HUMIDITY 
30 0 0 0 0 0 500 500 
Air 50% RELA-
TIVE HUMIDITY 
+ 100 ppm gas 
15 300 500 300 0 0 0 0 
Air 50% RELA-
TIVE HUMIDITY 
30 0 0 0 0 0 500 500 
Total time (min) 165        
 
3.4 Application investigation set up: Fire alarm 
As this work also covers the work package of the SMOKESENSE project, the first target 
application was the fire safety module. Therefore, the sensors had to be trained, tested 
and verified as a better alternative than a typical fire alarm. The setup is shown in figure 
22. ‘Reference air’ having a fixed relative humidity has been used as the carrier flow from 
the Gas Mixing System (GMS). A glass cup with very good thermal insulation was placed 
on a hotplate, which has been used to generate a heated smell from a different material at 
elevated temperatures.  
As a SMOKESENSE project requirement, the sensors had to be calibrated and tested with 
the burning smell response of Poly-Ethane (PE), Poly-Propane (PP), PCB, wood, cotton, 
and paper. As early fire detection was the fundamental objective, determining the lower 
detection limit of such a sensor as a fire alarm at a relatively lower temperature was the 
key parameter. An optical fire alarm has been used as a reference fire alarm which was 






Figure 22 Measurement set up to characterize the sensor response as a fire alarm. A 
glass cup on a hot plate has been used as a burning smell accumulator. As a reference 
air, 50% relative humid air has been used as a reference air for typical experimental 
conditions. 
 
For example, 0.1 g PCB starts showing smoke at 300 °C and the reference fire alarm sets 
off within 5 minutes of operation in this condition. However, the UV KAMINA sensor 
starts showing response at a much lower temperature at around 108°C as further discussed 
in section 6.3.  
3.4.1 Fire alarm testing and verification set up at DBI 
Within the framework of the SMOKESENSE project, work package 6 covered the testing 
of the prototype unit at DBI (Dansk Brand- og Sikringsteknisk Institut). DBI has a strong 
background in testing the state of the fire alarms for certifications. DBI also supports the 
product development activities to fulfill the project requirements. The test setup used for 
the UV KAMINA-based fire alarm at the DBI is presented in figure 18. The test objective 






Figure 23:  DBI test setup. (a, b) The sensor system was adjustable to position the sen-
sor at different locations and different heights within a burning test reference room. (c) 
A typical electric stove has been used to generate a burning smell. 
 
The setup was built to mimic an elderly person’s typical room environment within a con-
tainer. To simulate a fire hazard condition an electric stove was used to burn different 
materials. As shown in figure 19 (a, b), the sensor and measurement electronics were 
placed on a height-adjustable rolling stand to evaluate the sensor performance at the ceil-
ing in different corners from the stove. The actual experimental protocol and outcome of 
the experiment are discussed in section 6.3.1. 
3.5 Application investigation set up: Explosive gas 
detector 
The second application investigated within the scope of the work is an explosive gas de-
tector. The sensor was placed inside a sealed test chamber having one inlet and outlet. 
The gas mixing system maintained constant relative humidity and carrier air flow rate at 
500 SCCM. The experiment was done at three relative humidity levels, i.e. 30%, 50%, 
and 70% to show the functionality of the sensor under a wide range of humidity. The 
target substances were placed within the vicinity of the carrier flow, at the favorable vapor 
pressure the substance molecule can be carried to the sensor chip operating at room tem-








Figure 24:  The experimental setup. (a) The measurement electronic and test chamber. 
UV is illuminated on top of the sensor. There are one inlet and one outlet. An exhaust 
pump sucks the fluid. (b) The sealed target reservoir chamber. Carrier airflow having 
specific humidity passes through the chamber. (c) The targets, which were placed 
within the chamber for the experiment. 
 
3.5.1 Investigated explosive materials 
Following materials have been tested with UV KAMINA. 
I. Dimethyl-methylphosphonate (DMMP):  
DMMP is an organic compound containing phosphorus. It is a colorless liquid 
that is widely used as a chemical warfare agent. Applications are mostly seen as 
a flame retardant75 in a commercial application. 
 
II. 2,4-Dinitrotoluene (DNT): 
DNT is an organic compound and well known as a precursor to Trinitrotoluene 
(TNT). Highly toxic and above the threshold limit of 1.5 mg/m3 converts hemo-
globin into methemoglobin. Widely used as a warfare compound. EPA listed DNT 
as hazardous waste76–78. 
 
III. Nitrobenzene (NB): 
Nitrobenzene is a highly toxic organic compound having a threshold limit value 
of 5 mg/m3. It can also be absorbed through the skin. Additionally, prolonged 
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exposure may cause serious damage to the central nervous system, impair vision 
cause liver or kidney damage, anemia, and lung irritation. Inhalation may per-
suade headache, vomiting, lethargy, dizziness, and even deadly79,80. The US-EPA 
classified the compound as an extremely hazardous substance81. 
 
IV. 4-Nitrotoluene (4-NT): 
4-NT is a Highly toxic and carcinogenic organic compound. The material is used 
to produce stilbene derivatives for dyes production 82. 
 
V. 2, 3-dimethyl-2,3 dinitro butane (DMNB): 
DMNB is a highly toxic volatile organic compound. Because of their wide use 
in explosive production, they are used as an explosive taggant82. 
 
VI. Ammonium Nitrate (AN): 
AN is mostly used as fertilizer, however, they are also used to create explosives, 
i.e. TNT. 
 




4 KAMINA (KArlsruhe MIkro NAse)  
This chapter starts with a brief introduction to the KAMINA system and highlights its 
rich historical achievements. Even though the KAMINA system managed to create a sci-
entific breakthrough in its time, there were fundamental weaknesses in the concept, which 
eventually limit the sensor in the application phase. Improvement target to minimize these 
weaknesses has been achieved with the introduction of UV KAMINA. UV KAMINA has 
been developed in a way that the KAMINA system moved one step closer to a mainstream 
product application. 
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4.1 The original KAMINA: An idea  
The original KArlsruhe MIkro NAse (Karlsruhe Micro Nose) was envisioned and devel-
oped by the late Dr. Goschnick and his team at modern-day IMT at KIT. The first publi-
cation related to this topic was made in 1996, where a novel multi-sensor system having 
39 metal oxide sensing segments was presented83. Even though the publication highlights 
the ppb level detection of Propane and Propanol, it also provided a hint to the potential 
use of a pattern recognition algorithm in the future to find a fingerprint of a gas mixture. 
The first effective use of a pattern recognition algorithm of the microarray system has 
been presented in the following year84, where the microarray sensor system was used to 
classify different stages of cooking a steak as shown in figure 25. Dr. Goschnick first 
coined the term KAMINA in 2001 at one of his publications85, where he prophesized the 
potential universal use of an array-based metal oxide gas sensor system along with a ma-
chine learning algorithm. Development of the original KAMINA system was continued 
until 2007 and the outcome has been reported in several other publications86–88. 
 
Figure 25: (a) Photograph of the microarray system, front, and backside. (b) The course 
of the median resistance and its first derivation during the frying of beef. The five stages 
correspond to meat which is 1 raw, 2 underdone, 3 well-done, 4 overdone and 5 burnt. 
(c)  PCA score plot of the signal patterns of the frying of beef. Reproduced and used 
with permission84. 





4.1.1 System limitation of the original KAMINA 
I. The complex fabrication process of shadow masking: 
The sensor fabrication was done in four steps. It started with the wafer-based formation 
of the fundamental structure, then the separation of the sensor chips including carrier as-
sembly, followed by the membrane deposition, and finally the annealing treatment. It 
required high-frequency sputtering to deposit the metal oxide film. The process has been 
summarized nicely in figure 26. A reactive magnetron sputtering system has been used 
for high-frequency sputtering. Shadow masking is used to deposit the SnO2 nano-particle 
film, sensing segment electrodes, thermo-resistor structure along with four meander-
shaped heating elements. Additionally, IBAD (Ion Beam Assisted Deposition) has been 
used to ensure thickness gradient of SiO membrane. The precursor gas is converted at 
room temperature to an ultrathin film of SiO and C with specific thickness defined by the 




Figure 26: (a) High Frequency-sputtering: basic structure. Shadow masking is used to 
deposit the metal oxide film, the electrode, and thermo-resistor structure plus the four 
meander-shaped heating elements. (b) IBAD (Ion Beam Assisted Deposition): mem-
brane with thickness gradient. CVD with an ion beam allows deposition of the SiO 
membrane. The precursor gas is converted at room temperature to an ultra-thin film of 
SiO and C with a thickness depending on the beam density. Annealing of the microarray 
chip is necessary to eliminate the carbon from the membrane and to stabilize the metal 
oxide crystal structure. Reproduced and used with permission85. 
The process was complex and prone to contamination during fabrication. Therefore, the 
process required a lot of preparation and careful handling to produce the sensor chips. To 
prepare the solution for the mass market, the process had to be optimized. 
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II. SnO2 nanoparticle agglomeration: 
Metal oxides nanoparticles including SnO2 tend to agglomerate with the influence of en-
vironmental stimuli such as light exposure and temperature variations89–92. KAMINA sys-
tem needed to be running at two different temperatures 250°C and 320°C to ensure a 
temperature gradient that favors feature extraction in the dynamic phase of the gas expo-
sure. Due to such temperature variation, the nanoparticles change position continuously, 
resulting in a sensor system that needed to be calibrated very frequently. Such sensor 
characteristics may ruin the solution at the application level. The introduction of the SnO2 
nanowire minimized this problem at a later time. 
III. Heater temperature:  
The temperature gradient was an essential system requirement for the KAMINA system. 
The temperature gradient was maintained based on current measurement. However, the 
actual ambient temperature was unknown. Therefore, the same amount of voltage drop 
across the heater may cause different temperatures at different times. As the calibration 
temperature cannot be maintained across different applications, such an approach may 
only lead to misclassification of target gases at the application site.  
IV. Complex system design: 
Along with the complex heater control requirement, for a robust system, relative humidity 
information is also needed, as the relative humidity depends on the ambient temperature. 
Water molecules interact with a Metal oxide sensor as an oxidizing component. There-
fore, along with a temperature sensor, a relative humidity sensor is also required to main-
tain target performance over the lifetime of the application. 
V. High energy consumption: 
The sensor needed 39 electrodes and a temperature gradient between 250 and 320°C. The 
temperature had to be maintained for the complete operational period. For, such a high-
temperature application for a single measurement the device required more than 5 mW 
during the measurement sequence only to maintain the heater87. To maintain the heat, the 
device needs a 5V stable supply, which is also an issue for most modern-day IoT-type 
applications. 
VI. Siloxane contamination: 
Siloxanes are a fairly new group of PCPs, comprising of a polymeric organic silicone 
having a backbone of alternating silicon-oxygen units with an organic chain attached to 
every silicon atom, conversing them a low surface tension, physiologic inertness, high 




ronment, where gas sensors are mostly used. Metal oxide sensor operating at high tem-
perature is prone to Siloxane contamination. At high temperature, such material may cre-
ate an additional layer on the metal oxide sensor, which may contaminate the sensor in a 
way that factory calibration may not hold after the surface characteristics of a Metal oxide 
surface is altered. 
Apart from these issues, there were other limitations like precise gold wire bonding re-
quirement, thermal isolation requirement during package design, etc. makes the overall 
system very complex and expensive for the target application.  
4.2 SnO2 nanowire based KAMINA 
The next breakthrough of the KAMINA system was achieved after the introduction of the 
SnO2 nanowires instead of SnO2 nanoparticles as the sensing element. There has been a 
series of publications between 2007 and 2009, where it has been presented95–97. With this 
approach, the first two limitations (Complex fabrication process and nanoparticle ag-
glomeration) of the KAMINA system were improved. The sensor fabrication method be-
came easier and monocrystalline SnO2 nanowires offer better material stability and sen-
sitivity due to stable conduction path through the crystalline structures and more reaction 
sites respectively. However, the KAMINA system performance was still limited by the 
complexities causing due to heaters. 
4.2.1 System introduction of the SnO2 nanowire based KAMINA 
As the sensing element, the random distribution of metal oxide nanostructures on 39 Pt 
electrodes was used. Nanowires offer a higher surface to bulk ratio enabling highly sen-
sitive gas interaction. As the nanostructures approach the material’s Debye length makes 
the whole nanowire a charge carrier accumulation zone. The nanowire layers render the 
space between the nanofibers irrespective of individual nanowire dimensions as shown in 
figure 27. To achieve sufficient differentiation in the response of the sensor elements two 
gradients were applied across the microarray, namely lateral variation of the surface tem-






Figure 27: (a) KAMINA microarray chip having 39 Pt electrodes along with SnO2 nan-
owire as the sensing elements, (b) IR image of the chip under temperature gradient, (c) 
SEM image of SnO2 nanowire between platinum electrodes. Reproduced with permis-
sion from ACS Nano letters,98 © American Chemical Society. 
 
The current transport via nanowire shows percolating character, meaning the conductance 
between two interdigitated electrodes is determined by the availability of the conduction 
path laid by the overlapping 1-D crystal nanostructures as shown in figure 27 (b). The 
electron transport through a percolating network has been qualitatively explained using a 
simple core-shell model as shown in figure 28(a). When exposed to reducing gases, the 
adsorbate induces the change of potential barrier height at the contact point between two 
nanowires, called a node99, which dictates the charge transport properties through them. 
The electron transport in the node area follows a thermoelectric mechanism55. Adsorbate 
influences the electron transport inside an n-type SnO2 nanowire. A nanowire having a 
diameter of ~100 nm and visible to ambient air can be considered as a simplistic case, 
where the nanowire core is surrounded by an electron depletion region, W. Additionally, 
the depletion width depends on the Debye length, λD
55
, which may vary between 10-20 
nm. The depletion region, W may vary due to a reduction gas interaction by ΔW ~ λD 
(eΔVs/ kT)















However, for a real-world scenario, a combination of both phenomena is naturally ex-
pected. As shown in figure 28 (c), for (eΔVs/ kT)
1/2 ~ 1 and nanowire diameter of 70-100 




Figure 28: (a) Receptor and transduction functions of the percolating Receptor and 
transduction functions of the percolating nanowire net. In the oxidizing ambient, the ex-
posure to reducing gas leads to a decrease in the contact barriers and an increase of 
the cross-section of the conducting channels inside the nanowires. (b) An increase in 
the density of the nanowires leads to an increase in the relative contribution of nodes 
concerning straight parts of the percolating path. (c) Comparison of the relative contri-
bution of nodes and nanowires to the sensor signal (log scale). Reproduced with per-
mission from ACS Nano letters98 © American Chemical Society. 
 
Later on, LDA100,101 was used as a supervised multivariate pattern recognition method to 
translate the conductance variance of 38 sensing segments and represent them into a re-





Figure 29: LDA analysis of the conductivity patterns obtained with SnO2 nanowire-
based gradient microarray at exposure to the target gases. Reproduced with permission 
from ACS Nano letters98 © American Chemical Society. 
 
Even though, the introduction of nanowires improves some of the original KAMINA sys-
tem limitations, the limitations associated with the heater were still present. Therefore, 
the quest of UV KAMINA was started to minimize further limitations and bring the uni-
versal KAMINA eNose idea one step closer to a real product. 
4.3 UV KAMINA 
The UV KAMINA11,12 has been developed with two main objectives. 
I. Minimize the limitations associated with heaters which have been an integral part of 
the predecessor KAMINA system. The UV KAMINA should ease the system com-
plexity and prevent Siloxane contamination. 
II. Enable potential high-volume production of the sensor by introducing a printing tech-
nique to produce metal electrodes. 
The first step to realize UV KAMINA was to characterize the UV-VIS response of SnO2 
nanowire. At room temperature, under UV illumination an abundance of electrons accu-
mulates to the bulk surface of the SnO2, nanowire-mat, resulting in the resistance drop. A 
UV KAMINA sensor array has 16 sub-sensors having 16 segment resistances as shown 
as a ‘Bar-plot’ in figure 30 (a). The 17th bar of figure 30(a) is denoting the median re-
sistance at a certain time. Under UV illumination the median resistance of 16 sub sensor 
drops by 50% (figure 30 (b)). SnO2 Nanowires accumulate oxygen at the surface by trap-
ping electrons from the bulk54. A reducing gas molecule (i.e. Iso-propanol) interacts with 
the pre-adsorbed Oxygen or directly with the Oxide sites and free up the electron, result-
ing in a resistance drop. For this particular example, exposure of 100 ppm Iso-propanol 




nanowire does not accumulate enough reaction sites on the surface, therefore without the 
UV Illumination, the sensor did not react to Iso-propanol at all. 
 
 
Figure 30: (a) Typical nanowire distribution in the UV KAMINA sensor is shown at the 
top half. At the bottom half, the resistance of 16 segments under UV illumination. The 
17th bar is denoting the median resistance of 16 segments. (b) Reducing Gas response 
with and without UV illumination. 
 
The influence of nanowire density variant under UV illumination has been reported by 
M. Augustin and M. Sommer et al.42 separately. For that study as the sensing platform, 
heater based KAMINA system has been used. Nanowires were distributed from high den-
sity to low density across 38 sensing arrays. The nanowires were excited by illuminating 
with a separate tunable light source. The KAMINA sensor’s heater was used to investi-
gate the influence of light illumination at different temperatures up to only 100°C, which 
was far below the traditional heater-based KAMINA system (260°C). Sensor segments 1 
to 18 had a higher density than sensor segments 21 to 38. As shown in figure 31 (a), at 
20°C both high-density and low-density area shows the lowest median resistance at 365 
nm. At higher temperatures, more thermal energy increases the energy density within the 
SnO2 nanowires and contributes more free electrons within the conduction path and con-
sequently, the resistance decreased even further. As shown in figure 31(b), at the high-
density region the sensor response reaches up to 100% when illuminated with 365nm 
wavelength UV light. The response remained at 100% level from 20°C-100°C, indicates 
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that UV illumination at 365 nm minimizes temperature dependency. Under UV illumina-
tion (365 nm) the response spreads from 80% to 100% from 20°C-100°C. Therefore, for 
the UV KAMINA system, a high-density nanowire along with a UV LED having a 365nm 
wavelength has been used later on. 
 
 
Figure 31: (a) Minimum median resistance values under the illumination of sensor seg-
ments1–18 (high-density nanowires, left) and 21-38 (low-density nanowires, right). (b) 
Response depending on wavelength, temperature, and electrode numbers1–18 (high-
density nanowires, left) and 21–38 (low-density nanowires, right). Reused with permis-
sion42. 
 
The gas sensing property of the SnO2 nanowire was covered in section 2.3.5. In short, 
different segment resistance responds differently due to non-uniformed nanowire distri-
bution across segments. The irregularity is a result of the different time constant at a dif-
ferent segment.  
 
4.3.1 Device fabrication method 
The sensor was prepared in two simple steps. At first, the SnO2 nanowires were produced 
on a black silicon substrate using the VLS method, which has been covered in sections 
2.4 and 3.1 in detail. The sensor electrodes, wiring, and contact pads were printed using 
digital aerosol jet technology. 
The interdigitated electrode structures, electrical connections, and contact pads were 
printed by aerosol jet (UTDoTs Auto-AJ). This digital printing technique allows for a 
precise and small feature size deposition of the Au nanoparticle-based ink. A detailed 
description of the aerosol jet technique can be found elsewhere102. The pattern was printed 




at 300 °C for 5 hours in a furnace, the chip was then Ar-plasma treated to get rid of the 
organic residues from the printed electrodes. Feature sizes down to 10 µm can be realized, 
which makes it suitable for printing of interdigitated electrodes for the presented UV KA-
MINA sensor. Accurately defined electrodes with 120 µm width and 80 µm channel 
length (the difference between two adjacent electrodes) were printed with a line height of 
about 80-100 nm, the connection wires have been printed sub-sequentially 5 times to 
achieve a nominal thickness of about 450 nm. The chip has 17 interdigitated electrodes 
resulting in 16 electronically open segments. The sensitive region area was 16 mm2. From 
the EDX shown in figure 32, the electrodes are consisting of Au. 91.55% with 4.4% pos-
sible residues. L and M series energy shell of Au shows impulse response at 0.26 keV 
and 2.12 keV respectively. 
 
 
Figure 32: Aerosol jet printed UV KAMINA and EDX measurement on the gold elec-
trodes. 
 
As explained in Chapter 3, SnO2 nanowires have been grown from SnO precursor (SnO 
powder) on black silicon substrates following the VLS method. The nanowires were col-
lected from the Black-Si substrate and then a nanowire solution having approximately 1% 
solid in Isopropanol was prepared. After sonication for 15 minutes, the solution was de-
posited on top of the printed Au electrodes by solution drop-casting method using a sy-
ringe. The nanowire distribution on the electrode array was random having high density.  
Different initial resistance levels were shown for different segments due to the unique 
time constant of different percolating conduction path103. The prepared chip was then 
connected with an electronic device, which measured the change of segment resistance. 
The electronic device was developed by JVI GmbH as part of the designated work pack-
age of the SMOKESENSE project.  
As shown in figure 33, nanowire solution deposition creates a percolating path between 
sensing electrodes. It creates potential barriers at the wire-to-wire junction and dictates 
 
47 
the gas response104. Consequently, the conductance of the sensor changes with the nan-
owire network density. The conductance path ultimately governs the response time and 
discrimination capabilities due to different gas response time constant. The theoretical 
understanding of the nanowires’ percolating conduction path has been nicely summarized 
with a simulation model by M. A. Alam et al.103. 
 
 
Figure 33: (a) SEM image of black silicon substrate used for nanowire growth. (b) SEM 
image of SnO2 nanowires grown on the black silicon. (c) Randomly dispersed nanowire 
on Au electrodes. A percolating SnO2 nanowire network is formed between two elec-
trodes. 
 
4.3.2 UV KAMINA as eNose 
The gas response of multiple sub sensors of the UV KAMINA was then used as an eNose 
application. The eNose functionality of the UV KAMINA is presented in figure 34. When 
the sensor system is exposed to gases like Isopropanol, CO, and Benzene all sub sensors 
react to the gases having different time constants as shown in figure 34(a), which helps 
to find a unique pattern of different gas response. Different gas exposure events were 
classified using the LDA classification algorithm. Except for air, the last 50 data points 
of other target gases were used for the LDA model. For Air, 15 data points from the end 
of each air response curve have been considered for the LDA. The Sum of real parts of 
eigenvalues, found by LDA is expressed as ‘Completeness of explanation’ and therefore 
different for different LDA data sets. The ‘Completeness of explanation’ of this LDA 
model is 89%. The circles around each class center denote the 95% confidence of that 





Figure 34: (a) Change of resistances of the sensor under exposure to three target gases 
with 100 ppm concentration diluted with 50% relatively. The response of 16 segments is 
shown by unique colors. (b) LDA plot: Last 50 data points are considered for LDA cal-
culation. The statistical algorithm nicely classified all the target gases.  
The development of UV KAMINA based on printing technique and UV illuminated nan-
owire helped to achieve the milestones for the SMOKESENSE project, which has been 
discussed further in section 6.3.1. The UV KAMINA has minimized several system lim-
itations of its predecessor.  
I. It has been reported before, that the heater-based KAMINA consumes between 
4.5W to 9W 87 to maintain the appropriate temperature profile25. In contrast, for 
the UV KAMINA, the electronic maintained only 10 mA current to drive the LED 
at 5V, resulting in 50 mW of power consumption. Therefore, the introduction of 
UV excitation improved the power consumption by a factor of 180. 
II. As there is no heater involved, the sensor is not prone to be contaminated by Silox-
ane, which improves the lifetime and overall stability of the sensor. It also allows 
the use of the sensor in an explosive environment. Such application has been pre-
sented in section 6.3.2. 
III. As the device doesn't have to be thermally isolated, printing technology can be used 
on different substrates without strong thermal isolation requirements and may po-
tentially improve the cost-benefit. The UV does not require any special control 
due to thermal management, which makes the system design very simple. 
However, the UV KAMINA performance is limited by the Schottky barrier between SnO2 
nanowires and gold electrodes of different percolating conduction paths. This leads the 




5 UV Chem-FET KAMINA  
In this chapter another exciting KAMINA system concept has been introduced, which 
improves one of the shortcomings of UV KAMINA caused by the Schottky barrier be-
tween SnO2 nanowires and metal electrodes. A simulation model has been developed 
additionally to facilitate the fundamental understanding of the device characteristics. Fi-
nally, the sensor has been demonstrated as eNose. 
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Even though UV KAMINA was already one step forward towards a real-life application, 
the performance of the sensor can be improved.   
The target area of improvement can be expressed as follows: 
Schottky barrier: 
On the sensor chip of the UV KAMINA, the nanowires are lying on the metal 
electrodes randomly while creating a percolating connection between two elec-
trodes. The Schottky barrier formed between semiconductor SnO2 nanowire and 
metal electrodes introduces an additional barrier in the conduction path, which 
eventually limits to use of the full potential of the SnO2 nanowires. Several fun-
damental characteristics of the sensor depend on the Schottky barrier, including 
response time, recovery time, and sensitivity.  
To target this issue an alternate approach has been proposed having an array of FET-like 
structures along with a SnO2 nanowire mat as a gate under UV illumination. The new 
KAMINA system has been named ‘UV Chem-FET KAMINA’.  
5.1 Working principle of the Chem-FET 
In the presented alternative approach, a FET-like structure has been developed, where the 
drain and source are arranged on Si substrate as shown in figure 35(a). Within the source 
and drain, a SnO2 nanowire mat needs to be placed without creating an ohmic conduction 
path between the source and drain. Under forward bias, the I-V curve represents the con-
ductivity through the Si substrate conduction path. Si has a UV (365 nm) absorption co-
efficient of 1×106 (cm-1) at 25°C. Therefore, as shown in figure 35(b), under UV (365 
nm) illumination the conductivity increases. As explained in section 2.3, SnO2 nanowire 
is predominantly an n-type semiconductor. n-SnO2 under UV illumination accumulates 
Oxygen at the surface by trapping a portion of electrons from the bulk54. As the work 
function difference between Si (4.6 - 4.85 eV)82 and SnO2 (4.8 eV)105 is minimal and 
doesn’t create a significant Schottky barrier, the rest of the electrons within the bulk of 
SnO2 may also contribute to the direct conduction path. Therefore, when an n-SnO2 nan-
owire mat is placed under UV illumination as shown in figure 35(c), it boosts the con-
ductivity of the direct conduction path between the source and drains via Si substrate. 
When a reducing gas interacts with the pre-adsorbed Oxygen-ion on the bulk n-SnO2 
nanowire, an equivalent number of electrons is released from trapping and contributes to 
the conduction path while increasing the conductivity, which has been shown in figure 
35(d). The opposite may happen for a target gas that Oxidizes. An array of such devices 





Figure 35: Working principle of a UV Chem-FET sub-sensor. (a) A biased source and 
drain defined the conduction path via Si substrate. (b) Under UV illumination the drain 
current increases due to UV (365 nm) absorption. The absorption coefficient of Si is 
1×106 (cm-1) at 25°C. (c) When n-SnO2 is placed between the drain and source, the n-
SnO2 nanowire mat contributes more electron to the conduction path and the drain cur-
rent, Id increases. (d) When a reducing gas interacts with the n-SnO2 nanowire mat, it 
releases more electrons, which eventually contributes to the increase of the drain cur-
rent. 
 
5.1.1 Supporting simulation results 
Additionally, a simulation model has been developed to support the Chem-FET develop-
ment process and gain an overall understanding of the sensor characteristics. The simu-
lated model has defined the required Si wafer’s carrier charge density and channel length. 
The simulation model can be divided into two parts. At first, the free charges generated 
within the SnO2 bulk material due to UV illumination have been simulated as shown in 
figure 36. When the bulk nanowire mat thickness is considered to be 800 nm, under UV 
illumination (365 nm) electric charge density is increased within SnO2 based on transfer 





Figure 36: E-field intensity within a single UV Chem-FET under UV illumination. 
Charges are confined within the SnO2 layer of 800 nm.  
 
Furthermore, a FEM Simulation model has been developed to realize the hole concentra-
tion generation under the nanowire segment (Gate) using the electric field intensity infor-
mation from the initial finding of the electric field within the SnO2 nanowire region under 
UV illumination. As shown in figure 37 (a) without UV illumination, an n-type SnO2 
nanowire mat does not attract enough holes under the channel. However, under UV illu-
mination, the SnO2 nanowires generate free carriers on the nanowire surface, which at-
tracts the holes from the Si substrate. The simulation model predicted the hole concentra-





Figure 37: FEM Simulation model of a UV Chem-FET sub-sensor. (a) Without UV illu-
mination, the gate underneath the SnO2 nanowire mat shows a hole concentration of 
1×1021. (b) In contrast, under UV illumination, SnO2 accumulates more holes under the 
gate, which works as a channel for the device during operation. 
 
5.2 Device fabrication method 
The electron beam lithography technique at IMT, KIT offers flexibility during the early 
prototype phase. Therefore, the e-beam lithography technique is used to produce the drain 
and source of sub-devices having 1 mm2 area and 1 mm channel length. As the UV illu-
minated SnO2 nanowire has been used as the gate, no separate gate contact development 
was necessary. As shown in figure 38(a), at first, 1 cm2 Si substrate was spin-coated with 
PMMA at 5000 RPM followed by baking at 165°C for 30 minutes to dry the PMMA. 
Then the drain and source structure were written in array formation with e-beam writing, 
which was then developed. After that, Cr/Au pad was evaporated. Then the lift-off pro-
cess leaves only the drains and sources on the substrate. These devices were then sepa-
rated by laser cutting.  
A uniformly grown SnO2 nanowire mat is necessary for the device fabrication, which 
needs to be placed between the drain and source. The SnO2 nanowire mat was synthesized 
from SnO powder by following VLS (Vapor-Liquid-Solid) method as explained in sec-
tion 2.4. In short, at 1050 °C, SnO decomposes into SnO2 and Sn, and these species are 
carried to Black-Si substrate where it absorbs and the nanowire nucleation process starts 






Figure 38: (a) At first, 1 cm2 Si substrate was spin-coated with PMMA at 5000 RPM 
followed by baking at 165°C for 30 minutes to dry the PMMA. Then the drain and 
source structure were written in array formation with e-beam writing, which was then 
developed. After that, Cr/Au pad was evaporated. Then the lift-off process leaves only 
the drains and sources on the substrate (b) Left: Black silicon substrate produced by the 
Reactive Ion Etching (RIE) process. Right: Uniformly grown SnO2 nanowire-mat on 
Black-Si. (c) UV Chem-FET KAMINA sensor with 7 sub sensors. A white nanowire mat 
was placed in between the source and drain without creating an ohmic conduction path. 
 
The SnO2 mat is then precisely harvested and placed between the drain and source as 
shown in figure 38(c). Then, an array consisting of seven sub-devices was connected with 
a docking sensor station by gold wire bonding. An external electronic was used to meas-
ure the change of sub-devices drain current, Id under gas exposure, while illuminated by 
UV-LED (365 nm). 
5.3 Experimental methodology 
At first, the working principle explained in section 5.1 had to be demonstrated. Therefore, 
the influence of nanowire on the drain current was investigated by measuring the drain 
current of a sub-device before and after nanowire integration. After it showed two differ-
ent drain currents, in the next step influence of UV illumination on the drain current was 
explored. Then the sensor’s gas responses were examined with different gases using the 
gas mixing system, i.e. 100 ppm CO, Iso-propanol, and Benzene each at 50% relative 
humidity and 25°C. To demonstrate the functionality of the UV Chem-FET sensor as an 
eNose, classification among these gases is needed. For classification, Linear Discriminant 
Analysis (LDA) algorithm has been used to attain the fingerprint response of the target 
gases as explained in previous sections. To showcase the application functionality as fire 
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alarm the device was tested with burning smells generated from beech and cotton heated 
up to 250°C. 
The investigation can be subdivided into three major steps as follows: 
5.3.1 Step 1: Conductivity variation under UV illumination 
At first, the working principle of the Chem FET needed to be verified. Therefore, the 
following electrical tests were carried out to investigate the conductivity variation at fol-
lowing conditions as explained in section 5.1: 
I. Conductivity without both UV illumination and nanowire 
II. Conductivity with UV illumination and without nanowire 
III. Conductivity with UV illumination and with nanowire   
 
The tests were performed in ambient conditions using an Agilent 4155C semiconductor 
parameter analyzer. The devices were connected via triaxle probes in a probe station (Cas-
cade Microtech). The used measurement setup is shown in figure 39. A special arrange-
ment was necessary where the 365 nm UV LED was placed just above the substrate while 
maintaining 5 mm height and it was made sure that the optical power density is identical 
for all the measurements.  
 
Figure 39: Needle tester set up to measure the IV characteristics of the sub-devices 
 
As shown in figure 40, without the UV illumination and nanowire, the device current was 
measured from 0 to 2.25 V DC. The I-V characteristics provide the conductivity variation 
of the device and showcase the influence of UV excitation and nanowire. As explained in 
the working principle segment (section 5.1), the drain current was increased by 45 µA at 




resistance resolution of 1kW. 45 µA current change is corresponding to a resistance 
change of 35 kW, which is well above the resolution of the electronic. 
 
Figure 40: Drain current, Id of a sub-device at different combinations of UV illumina-
tion and nanowire presence. Under UV illumination and in the presence of SnO2 nan-
owire, the drain current increased by 45 µA 
5.3.2 Step 2: Gas test in a gas mixing system  
To illustrate the gas sensing ability of the new device, in a controlled environment at 50% 
relative humidity and 25°C temperature; 100 ppm Benzene, 100 ppm CO and 100 ppm 
Iso-propanol were passed through the sensing chamber. Synthetic Air with 50% relative 
humidity has been considered as a reference gas. The mean current of seven sub-devices 
is shown in the inset of figure 41(a). Signal strength for corresponding gases is calculated 
using the mean current shown in the inset figure. If all surface oxygen of the nanowire 
mat is replaced by the target gas molecules, then the gas-induced current change coin-
cided with the change of current under UV illumination, ∆IUV. Hence, the normalized gas 








Igas = Current under gas exposure 
IAir = Current under clean air exposure 
As shown in figure 41, among the gases, the sensor signal was strongest for Isopropanol 
and weakest for CO, which is a consistent behavior of SnO2 material’s gas sensing prop-
erty107,108.  
 
Figure 41: (a). Signal of 100 ppm CO, 100 ppm Benzene, and 100 ppm Iso-propanol at 
50% RELATIVE HUMIDITY. Inset: Change of mean current of seven sub-devices while 
exposed to CO, Benzene, and Iso-propanol.  (b) LDA plot: Last 20 data points are con-
sidered for LDA calculation except for air. For air, 5 data points from the end part of 
each air section shown in the inset plot. Every dot in the LDA plot corresponds to a set 
of 7 current values. 
The selectivity has been characterized in terms of the ‘Completeness of explanation’ of 
the LDA model. The actual event interval is marked and the last 20 data points of a gas 
event of the target concentrations were used for the LDA model shown in figure 40 (b). 
For air, 5 data points from the end of each air response curve have been considered for 
the model. The circles around each class center denote the 95% confidence interval of 
that class. The stability of the model is calculated to be 92.6% using the ‘leaving one out 
method’. The ‘Completeness of explanation’ of the model is 60%, which also indicates 
that the sensor is already saturated at a high ppm level concentration and cannot separate 
as well as UV KAMINA at such high concentration. Due to laboratory logistics limita-
tions, ppb level measurement was out of the scope of the investigation, where the sensi-




5.3.3 Step 3: UV Chem-FET KAMINA as eNose 
To investigate the potential of being used for fire alarm applications, the device was tested 
with the burning smell of beech and cotton. The experiment was done at fixed 50% rela-
tive humidity. The setup schematic is presented in figure 42, which is very similar to the 
test setup explained in section 3.4. At first, reference air was passed to the sensor. Then 
in a parallel gas path, Beech (0.44 g) and Cotton (0.10 g) was heated to up to 250 °C for 
5 minutes within a closed chamber. Then the smell was carried to the sensor with the help 
of a carrier airflow at 500 SCCM as 2 minutes pulse. As shown in figure 41, the responses 
of all the sub-sensors were very fast and acted immediately. For both Beech and Cotton, 
the initial strong response gradually weakened as the gas concentration reduced. 
 
Figure 42: Experimental setup for the heated smell test of Beech and Cotton. Initially, 
the heater was heated to 250 °C. Then Beech and Cotton were placed on the hot plate, 
which then carried to the sensor as 2 minutes pulse between two purging air periods 
The sensor responded to the gas produced from the materials at the elevated temperature 
of the substance’s as shown in figure 43. The Chem FET response is truly a gas response 
and not a hot air response, which can be argued based on the following observations: 
1. If the response was due to the hot gas flow, then the conductivity of the devices 
should have been increased, as additional temperature increases the absorb energy 
density within the device. 
2. As shown in figure 43(b), the Beech and Cotton burning smells were classified suc-
cessfully by the LDA, which indicates that the sensor response to the overall smell 
change. 
For the LDA, 20 data points from the middle of the burning phase region have been con-
sidered for Beech and Cotton. For class ‘Air’, 10 data points from the last part of every 
air event were considered for the LDA. As shown in figure 42 (a), all the sub-sensors 
showed a fast response and fast recovery to the target smells. The system successfully 
classified all the target smells as shown in figure 42 (b). The ‘Completeness of explana-
tion’ of the model is 94.6%. Using the ‘Leave one out method’109, the model stability is 




Figure 43: (a) Change of drain current as a response to target smells change of heated 
Beech and Cotton at 250 °C. Air with 50% relative humidity has been used reference 
gas in between two scorched smells as a reference gas (b) LDA plot: Smell classifica-
tion using 20 data points from the highest response area has been considered. It has 
successfully classified three different kinds of sensor response, i.e. Air, Beech smell, and 
Cotton smell at 250 °C. Every dot in the LDA plot corresponds to a set of 7 current val-
ues from 7 devices. 
 
With the presented results, it can be justified that the UV Chem-FET KAMINA may also 
be useful as a burning smell detector. As the SnO2 nanowire is only in contact with the Si 
substrate, there is no significant work function difference. SnO2 is acting as a gate to 
facilitate the channel underneath only. Therefore, the sensor reaches a stable condition 






6 Performance of the sensor as 
eNose 
SnO2 nanowire is one of the essential building blocks of the KAMINA eNose system. 
Therefore, in the first section, the SnO2 nanowire growth process optimization is dis-
cussed. In the next section, a performance comparison is presented between UV KA-
MINA and UV Chem-FET KAMINA, which indicates the different application appropri-
ateness of these two systems. Then two applications of the eNose are discussed, i.e. early 
fire detector and explosive gas detector. Finally, the status of the research targets is ad-
dressed which has been defined at the beginning of this work. 
 
Acknowledgments and contributions 
Special thanks to Paul Abbafy (IMT) for his support with the FEM images. The essential 
substrate to grow SnO2 nanowire is Black silicon , which has been developed by Alban 
Muslija (IMT). The XRD of the SnO2 nanowire has been done by Dr. Dirk Fuchs (IQMT). 
Explosive detection application has been investigated during a collaboration work with 




6.1 SnO2 nanowire growth process optimization 
The SnO2 nanowire growth mechanism has been covered in detail in section 3.1. In sum-
mary, at 900°C, SnO decomposes into SnO2 and Sn (l, g) and carried to a condensing 
region of the substrate by the carrier gas (Ar), resulting in the precipitation of SnO2 na-
noparticles from Sn. Then the nanoparticles act as the nucleation sites for the growth of 
SnO2 nanowires. Normally SnO2 nanowire is tetragonally elongated along the c-axis. 
However, at lower temperatures on the accumulating substrate, it only grows toward the 
optimized direction, and hence nanowires form. A visual explanation is presented in fig-
ure 44.  
 
 
Figure 44: SnO2 nanowire growth on black silicon  substrate. (a) Temperature distribu-
tion within the oven. The typical position of the Black-Si substrate and SnO precursor is 
shown. (b) Black-Si substrate spikes, which are potential growing sites of SnO2 nan-
owires (c) Typical density of nanowire grown on the Black-Si substrate. For this partic-
ular example, the nanowire diameter varies between 196 nm to 260 nm. 
 
For the UV KAMINA sensor, the nanowires are dispersed on the sensor by following the 
Isopropanol solution drop-casting method using a syringe. As explained in section 4.3.1, 
the nanowires need to be placed into an ultrasound bath for 15 minutes to ensure long 
nanowires are broken and nicely diluted within the solution. To support this process, the 




structure tends to break down into fine pieces and does not contribute to the percolating 
connection between two electrodes which are spaced by 50µm. Additionally, the UV 
Chem-FET requires a high-density nanowire mat. Therefore, the growth process needs to 
be optimized to ensure a good portion of nanowires is having a diameter of above 100 
nm, as well as the density of nanowires, which are sufficient to fulfill the need of UV 
Chem-FET sensor. The process optimization has been carried out experimentally and the 
optimization result will be discussed in the following sections. 
6.1.1 Nanowire diameter variation regarding flow variation 
Flow is defined as the change of volume per unit of time and as the unit, Standard Cubic 
Centimeter per Minute (SCCM) was used during the process. To investigate the impact 
of the carrier gas flow (Ar) variation, the following test protocol has been followed with 
5 test repetitions at each carrier gas flow. 
Table 3 Test protocol to investigate the flow variation impact on the SnO2 nanowire 
















°C °C mbar SCCM SCCM min 
920 890 600 30 0.5 60 
920 890 600 40 0.5 60 
920 890 600 50 0.5 60 
920 890 600 100 0.5 60 
 
The distribution of nanowire diameter at different carrier flow is shown in figure 45. At 
30 SCCM, 50 SCCM, and 100 SCCM the diameter remains at around 150 nm. For all 
three occasions, nanowires diameter evenly distributed between a minimum of 100 nm 
and a maximum of 220 nm. However, at 40 SCCM, the median diameter remains at 100 
nm, and the distribution of nanowire diameter is not symmetrical. Therefore, it can be 





Figure 45: SnO2 nanowire diameter distribution at different carrier flow. The carrier 
gas flow does not have much impact on the nanowire diameter distribution. 
6.1.2 Nanowire diameter variation regarding pressure (p) variation 
The test protocol presented in table 5 has been followed to investigate the pressure vari-
ation. SnO precursor temperature and B-Si substrate temperature were fixed at 920°C and 
890°C respectively and additionally other relevant test parameters such as carrier gas Ar 
flow, O2 flow, O2 hold time were fixed as well. 
Table 4 Test protocol to investigate the pressure variation impact on the SnO2 nanowire 

















°C °C mbar SCCM SCCM min 
920 890 200 100 0.5 60 
920 890 300 100 0.5 60 
920 890 400 100 0.5 60 
920 890 500 100 0.5 60 
920 890 600 100 0.5 60 
 





Figure 46: SnO2 nanowire diameter distribution at different pressure. Between 200 
mbar and 600 mbar pressure variation, the median of the nanowire diameter shifts from 
160 nm to 225 nm. 
It is evident that from 200 mbar to 600 mbar pressure variation, the median of the nan-
owire diameter increases from 160 nm to 225 nm respectively. However, the complete 
range (160nm – 225nm) of nanowire diameter is useful for the UV KAMINA. 
6.1.3 Nanowire diameter variation regarding temperature (T) variation 
As the chemical reaction happens within a narrow temperature range, therefore a wide 
range of temperature variation is not logical. The temperature has been varied between 
877°C and 900°C. As shown in figure 47, the nanowire diameter varies between 100 nm 
and 400 nm within the specific temperature range. As the nanowires are mostly above 





Figure 47: SnO2 nanowire diameter distribution at different temperatures. Temperature 
variation has little to no impact on nanowire diameter distribution between 877 °C and 
900 °C. 
 
6.1.4 Nanowire density variation regarding temperature variation 
The density of the nanowire growth on the black silicon  surface varies widely. As shown 
in figure 48, the density is highest (30%) at around 895 °C regions, which is a favorable 
temperature for growth. At 877 °C and 904°C regions, the density drops down to 16% 





Figure 48: SnO2 nanowire density distribution at different temperatures. Nanowire den-
sity varied between 18% and 32% for 877 °C and 895 °C respectively. At a high tem-
perature of 904 °C, the nanowire density is relatively lesser than 15%.   
 
As high density is one of the main objectives of the investigation, the Black silicon  sub-




6.1.5 Crystal structure and material composition 
After growing the nanowires, the crystal structure has been characterized by XRD. As 
shown in figure 48, the typical XRD pattern found after the growth process corresponds 
to the Tin-dioxide single crystal of the rutile category, which indicates the chemical ho-
mogeneity of the nanowires. The highest diffraction peaks have been found at (110), 
(101), (200), (202), and (400) crystal planes. From the XRD measurement, the crystal 
constants are as follows: a = 4.735 Å, c = 3.178 Å and V = 71.42 Å, which is comparable 
to the values found in other works of literature110.  
 
 
Figure 49: XRD pattern of SnO2 nanowires placed over Si/SiO2 substrate. The crystal 
constants have been found as follows: a = 4.735 Å, c = 3.178 Å, and V = 71.42 Å, 





6.1.6 Overall nanowire size distribution after optimization 
After a typical growth process statistically, 42% of the nanowires are found to be within 
201 nm – 300 nm as shown in figure 50. The remaining nanowires are distributed from 
100nm – 600 nm. Among them, around 20% of the nanowires were within the 100-200 
nm range. 21% of the nanowires were within the 301-400 nm range. 9% of nanowires 
were within the 401-500 nm range and the rest of nanowires are within the 501-600 nm 
range. As the nanowire size is substantially bigger, only 2% of nanowires from one batch 
are sufficient to prepare a single UV KAMINA sensor. 
  
 
Figure 50: Nanowire size distribution after the growth process. 42% of the nanowires 




6.2 Performance of UV KAMINA and UV Chem-FET 
In this section sensor performance of UV KAMINA and UV Chem-FET KAMINA is 
discussed. Signal to noise ratio, response time, and selectivity have been considered as 
the top-three performance indicators. All the experiments in the section were done at am-
bient pressure, 50% relative humidity, and 25°C. 
6.2.1 Signal to noise ratio 
To quantify the signal-to-noise ratio both UV KAMINA and UV Chem-FET KAMINA 
sensors were exposed to 100 ppm Iso-propanol. Both sensor systems comprise an array 
of sub-sensors. Among all the sub-sensors, the most sensitive one has been chosen to 
quantify the Signal-to-noise ratio. The signal has been calculated using the following 
equation: 




 As shown in figure 51(a), the UV Chem-FET sensor signal is 6.86% and in contrast, the 
UV KAMINA sensor signal is 16.67%. However, UV Chem-FET sensor signal has less 
noise (σ=5.85ꭥ) compared to UV KAMINA sensor (σ= 1.69 X 104 W). Therefore, the 
signal-to-noise ratio for UV Chem-FET and UV KAMINA is 1.17 and 9.87×10-4 respec-
tively. The UV Chem-FET KAMINA sensor has a continuous conduction path via the 
substrate. On the other hand, the UV KAMINA sensor has a percolating conduction path 
via random positioning of nanowires, which may induce additional noise due to a differ-
ent gas reaction on different paths after overcoming the Schottky barrier between the nan-
owires and the metal electrodes. Therefore, UV Chem-FET KAMINA has a higher signal-






Figure 51: (a) The UV Chem-FET sensor signal is 6.86% and in contrast, the UV KA-
MINA sensor signal is 16.67%. (a) UV Chem-FET sensor signal has less noise 
(σ=5.85ꭥ) compared to UV KAMINA sensor (σ= 1.69 × 104 ꭥ). 
 
6.2.2 Response time of UV KAMINA and UV Chem-FET 
Response time is the amount of time required for a gas sensor to respond due to sudden 
gas exposure. As shown in figure 52, when both UV KAMINA and UV Chem-FET are 
exposed to 100 ppm Iso-propanol at the same time, UV Chem-FET reaches 90% of the 
saturation level much faster than UV KAMINA. A sub-sensor of a UV KAMINA might 
have multiple percolating conduction paths. Each conduction path possesses a different 
time constant resulting longer time to reach saturation. In contrast, the UV Chem-FET 
conduction path is via the Si substrate and offers a single time constant. Therefore, UV 
Chem-FET is faster than UV KAMINA. However, a shorter response time is not a prob-
lem for UV KAMINA. The UV KAMINA can be trained with a ‘smell exposure’ in the 
transition phase. Therefore, for a fire alarm type application, UV KAMINA is perfectly 
suitable when trained with the burning smell in the transition phase. Further details of the 





Figure 52: UV Chem-FET has a faster response time than UV KAMINA when exposed 
to 100 ppm Iso-propanol. During this experiment, The UV Chem-FET showed some 
measurement artifacts due to readout electronics’ limitations. 
 
6.2.3 eNose Selectivity based on the classification algorithm 
The ability of a sensor to respond uniquely under exposure to different smells and classify 
them is addressed with the term selectivity. As the sensing material, the pristine SnO2 
nanowires are not very selective for different gases. However, in combination with a clas-
sification algorithm like LDA, a good selectivity can be achieved. Following the LDA 
classification methodology, selectivity can be quantified in terms of the ‘Completeness 
of explanation’ of the LDA model. To quantify the selectivity of UV KAMINA and UV 
Chem-FET KAMINA, both of them were exposed to 100 ppm Iso-propanol, 100 CO, and 
100 ppm Benzene. The sum of the real parts of eigenvalues, found by LDA is expressed 
as ‘Completeness of explanation’. As shown in figure 53, for the UV KAMINA the 
‘Completeness of explanation’ of the LDA is 89%. In contrast, the UV Chem-FET offers 
a ‘Completeness of explanation’ of 60%. This indicates that UV KAMINA finds a better 
smell fingerprint compared to UV Chem-FET. There can be two reasons behind the better 
selectivity of UV KAMINA. 
I. UV KAMINA’s random percolating conduction path reacts differently with a 
unique time constant for different gas exposure. This might help the system to 
extract better gas dynamic information. 
II. UV KAMINA consists of 16 sub-sensors. In contrast, UV Chem-FET has only 7 
sub-sensors. More sub-sensors of the UV KAMINA might facilitate during the 
smell fingerprint classification.   





Figure 53: Selectivity based on LDA classification algorithm for UV KAMINA and UV 
Chem-FET. UV KAMINA offers better selectivity than UV Chem-FET. The sensors were 
exposed to 100 ppm CO, 100 ppm Iso-propanol and, 100 ppm Benzene. 
6.2.4 Cross sensitivity to relative humidity 
Both UV KAMINA and UV Chem-FET KAMINA share the same sensing material as 
SnO2 nanowire. SnO2 is responsive to humidity. The humidity-induced signal variation 
may lead to misclassification for the KAMINA system, which has been investigated and 
the result is presented in figure 54. The experiment has been conducted on a UV KA-
MINA at nine steps during three separate experiments according to the test protocol listed 
in table 5. In figure 54, the 3 data files are stitched during data processing, hence shows 
the sudden jump. 
Table 5 Test protocol to investigate relative humidity dependency for a KAMINA system 






Synthetic air N/A 0 280 
Synthetic air N/A 50 250 
Synthetic air N/A 70 250 
CO 150 0 280 
CO 150 50 250 
CO 150 70 250 
Iso-propanol 150 0 280 
Iso-propanol 150 50 250 
Iso-propanol 150 70 250 




Figure 54: Variation of median resistance of UV KAMINA at different relative humidity 
levels at fixed gas concentration. The sudden jumps in the lines are artifacts coming 
from data handling while stitching multiple data files and therefore are not representing 
the response time of the sensor. 
Three types of LDA model has been made to understand the impact of relative humidity 
change on the KAMINA system’s LDA model. 
LDA model-1:  
I. Class Air = Air at 0% relative humidity + Air at 50% relative humidity + Air 
at 70% relative humidity 
II. Class Iso-propanol = Iso-propanol at 0% relative humidity + Iso-propanol at 
50% relative humidity + Iso-propanol at 70% relative humidity 
III. Class CO = CO at 0% relative humidity + CO at 50% relative humidity + CO 
at 70% relative humidity 
LDA model-2:  
I. Class Air = Air at 50% relative humidity + Air at 70% relative humidity 
II. Class Iso-propanol = Iso-propanol at 50% relative humidity + Iso-propanol at 
70% relative humidity 





LDA model-3: Consider relative humidity as one of the LDA input parameters 
I. Class Air = Air at 0% relative humidity + Air at 50% relative humidity + Air 
at 70% relative humidity 
II. Class Iso-propanol = Iso-propanol at 0% relative humidity + Iso-propanol at 
50% relative humidity + Iso-propanol at 70% relative humidity 
III. Class CO = CO at 0% relative humidity + CO at 50% relative humidity + CO 
at 70% relative humidity 
As shown in figure 55(a), the LDA model-1 poorly classifies all three classes, when three 
relative humidity data are used as the model input. This indicates that in-field applica-
tions, such LDA model might misclassify if relative humidity varies widely. However, as 
shown in figure 55(b), the LDA model-2 classifies all three gases in a better way. This 
indicates that in-field application if an LDA model is used after trained with 50% and 
70% relative humidity, the system might classify the target smell considering the relative 
humidity varies between 50% and 70% relative humidity. However, an even better LDA 
model can be built (figure 55(c)) if along with the resistances of different sub-sensors, 
relative humidity information is also used as an LDA training input. Therefore, if the 
KAMINA system is intended to be used for a wide range of relative humidity variations, 
it is recommended to consider a relative humidity sensor in the final solution to achieve 
better selectivity.  
 
 
Figure 55: Three LDA models with different input parameters. By considering relative 
humidity as an input parameter of the LDA classification model, the sensor system can 




6.2.5 Performance summary of UV KAMINA and UV Chem-FET 
Both sensors are having strong and weak points, which has been summarized in table 6. 
UV Chem-FET offers a better signal-to-noise ratio and faster response time. However, 
UV KAMINA offers better classification at this stage. Therefore, for an eNose applica-
tion, the UV KAMINA is better suited. 
Table 6 Performance summary of UV KAMINA and UV Chem-FET 
Key parameters UV Chem-FET UV KAMINA Note/ Condition 
Signal to noise ratio 1.17 9.87×10-4 Iso-propanol 0 to 100 ppm 
Response time Faster - Iso-propanol 0 to 100 ppm 
Selectivity 89% 60% Completeness of explanation 
 
6.3 Potential Applications 
In terms of development, UV Chem-FET is still in a prototype phase and there are still 
limitations in terms of laboratory preparation to explore other applications. However, as 
a proof of concept, functionality as a fire alarm has already been showcased in chapter 5. 
Therefore, in this section, only the potential application of UV-KAMINA has been cov-
ered. The work has been published partially11. 
6.3.1 Fire alarm 
A fire detector senses the early signs of a fire hazard. Normally, the detection is done in 
a form of heat, flame, smoke, or CO detection111. Several technologies are seen in the 
market covering consumer and industrial applications. Optical type fire alarm works 
based on the principle of triggering a photodiode when smoke goes inside the housing of 
the alarm. An ionization-based detector requires a radioactive component to ionize the 
air. When smoke breaks into the ionization potential, the disturbance is picked by the 
detector circuitry. Heat-based detectors trigger the alarm based on heat sensing. Very of-
ten, such a sensor needs multiple sensing components. For a large open area, normally 
video and the image-processing are used112.  
In the product landscape, eNose based fire alarm is not present at the moment. All the 
mentioned fire alarm techniques only work when there are smokes at an advanced level 
of fire. The main pain points of existing solutions for industrial and safety applications 
can be shortlisted as follows: 
I. Extensive maintenance requirements. Bi-yearly for the majority of the products. 





III. Complex data analysis requirements for a combination of multiple sensor solutions 
IV. They are not capable to perform early detection 
Exactly at this point, the value proposition of the KAMINA eNose highlights as eNose, 
which can offer two unique features: 
I. Early detection based on smell change in the application area, even before the 
smoke starts to come out. 
II. Gives an indication of burning material based on machine learning-based classifi-
cation algorithm  
6.3.1.1 System requirement of the fire alarm covered in SMOKESENSE project 
Two key system requirements have been covered in two milestones: 
▪ Milestone 1: Optimization of the KAMINA with optimized power consumption. 
Power consumption of the final product should be less than 5 mW 
▪ Milestone 2: Prototype of the system for the fire risks monitoring ready 
6.3.1.2 Testing in lab condition 
The experimental setup used for this work has been discussed in Chapter 3, section 3.4. 
The flammability of a substance depends on its amount, rate of heat flow through the 
material, and time. Hence, it would be unrealistic to find the absolute sensitivity of a 
burning smell. However, to find the detection limit of the system, a heated common ma-
terial’s smell identification was necessary, and to determine the detection limit of the 
sensor as a fire alarm, experimental protocol as mentioned in table 6 has been used.  
 
Table 7 Experimental protocol to determine the detection limit of the sensor as a fire 









0  30 500 500 
100  30 500 500 
150  30 500 500 
200  30 500 500 
Total time 120   
 
A piece of 0.15 g printed circuit board (PCB) has been heated up to 200 °C from room 
temperature to obtain the smell at different temperatures. In figure 58 it is shown, that the 
3σ line (Signal = 0.12) meets the fit at 108 °C. So, the quantitive detection limit of the 
burning smell of 0.15 g PCB is 108 °C, which is far below the experimented smoke break-





Figure 56: Signal strength characterization by heating a 0.15 g PCB at 100 °C, 150 °C, 
and 200 °C. The smoke breaking temperature of a similar PCB piece is around 300 °C. 
As the temperature increases, the signal increases exponentially. 
 
The burning smell selectivity has also been characterized by the ‘Completeness of expla-
nation’ of the LDA model consisting of three burning smells and reference air. The ex-
perimental setup is shown in section 3.4. During the test synthetic air with 50%, relative 
humidity carried the burning smell of the target material to the sensor vicinity. Cotton 
(0.12 g), beech (0.5 g), and PCB (0.15 g) were heated at 200 °C within the burning cham-
ber. Parallel airflow has been used to clean the chamber before every burning phase. To 







Figure 57: Experimental setup for a burn test. Initially, the heater was heated to 200 
°C. Then different objects were placed on the hot plate in between two purging air peri-
ods 
 
Cotton, beech, and PCB were on the hotplate for 4 minutes, 4 minutes, and 10 minutes 
respectively. For the LDA shown in figure 58, 60 data point form the middle has been 
considered from each event. For class ‘Air’, 15 data points from the last part of every air 
event were considered for the LDA. As shown in figure 60, the electronic nose system 
successfully discriminated all the substances at pre-burning temperature having a ‘Com-





Figure 58: (a) Classification of different types of heated substances at 200 °C. The re-
sponse of 16 segments is shown by unique colors. As the four classes cover both dimen-
sions, the separation is acceptable. (b) LDA Plot: An LDA model was created with four 
different classes having Air, Cotton, Beech, and PCB 
 
6.3.1.3 Field test at DBI 
The goal of this experiment was to check the functionality of such a sensor in a real-life 
scenario. The test was performed in the test facilities at DBI, in a big container that mim-
ics a normal room for an elderly person as covered in section 3.4.1. As a heating source, 
an electric stove has been used which was placed 2m above the ground. The sensor set up 
was attached on a stand with a possibility of adjusting the height. Being a widely used 
home material, beech, cotton, and PCB has been burned using the stove with maximum 
power at approximately 400 °C. A detailed description of this setup has been covered in 
Chapter 3. As shown in figure 59, the LDA model has successfully separated all the rel-
evant smells. Apart from beech, cotton, and PCB, a fourth class is taken as the smell of 
the test chamber. The marked ‘Transition region’ indicates intermediate sensing events, 
when the smell is changing from one class to the next. The selectivity of the sensor is 
acceptable as the ‘Completeness of explanation’ of the model is 72%, which is worse than 
the ‘Completeness of explanation’ found in the lab (88%), which indicates that further 
test calibration and verification optimization are necessary before, the KAMINA system 





Figure 59: The laboratory-trained LDA classification model efficiently classifies the 
burning smell of Beech, Cotton, and PCB in a real-world condition after burning the 
material at 400 °C using a stove.  
 
However, at this stage, it is not possible to conclude the alarm threshold value, as the 
sensor is fundamentally different from a traditional fire detector and hence requires an 
improved benchmarking system in contrast to the traditional one. 
6.3.2 Explosive detector 
Explosive detection application has been investigated in collaboration with Dr. Nico 
Bolse from LTI. The purpose was to explore the scalability in terms of applications using 
the UV KAMINA concept. The work has been presented partially at the IEEE Sensor 
conference 201612. 
6.3.2.1 The goal of the study 
The use of explosives in civilian attacks is a positive trend. Law enforcement agencies 
are facing problems with detecting hidden explosives in luggage, mail, vehicles, etc. The 
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current state-of-the-art detection method for explosives is sniffer dog113–116. But, expen-
sive training and deteriorated life expectancy of trained canine animal leaves an area of 
research to develop an alternative approach. But, reliable detection of explosives is still a 
tireless problem due to the required high sensitivity and good selectivity to detect traces 
of explosives in a dynamic ambient environment117–120. For example, Nitrobenzene has a 
vapor pressure of 272 ppb at 21 °C temperature. Therefore, the detection system has to 
be highly sensitive at room temperature to trace explosive smell at ppb level. 
6.3.2.2 Explosive detection result 
UV KAMINA successfully classified the explosive materials at 30%, 50%, and 70% rel-
ative humidity as shown in figure 62. NB, AN, and DMNB are positioned closely, which 
indicates that the eNose will find it difficult to classify each one of them individually if 
present in a real-world scenario at the same time. Additionally, at different humidity LDA 
classified the pollutant differently, indicates that the sensor will need the relative humidity 
information for better classification.  
 
Figure 60:  Classification of different types of explosive material in controlled labora-
tory conditions at three different relative humidity levels, i.e 30%, 50%, and 70%. 
 
Explosives can be distinguished nicely at 50% relative humidity. However, moderately 
by one dimension at 30% and 70% relative humidity. Separation from the normal air is 
always quite good. Further investigation on the separation from disturbing materials has 
not been investigated. For that, an explosive reference sensor is necessary. However, or-
ganizing a reference detector for every single compound was out of the scope of the study. 
The goal was to investigate the potential application as an alternative cost-effective, en-
ergy-efficient mobile monitoring system. To realize the concept as a product, further in-





6.4 Discussions on the ‘Research Targets’  
Research Target 1: Develop a SnO2 nanowire-based eNose that can be used as a smart 
fire detector. The eNose should be able to detect potential fire hazards in the early stage 
and simultaneously predict the source of the potential fire. 
In section 6.3.1, it has been showcased that SnO2 nanowire-based printed eNose can be 
used as an early fire detector based on smell changes in the room. Initially, it has been 
proven in a controlled lab environment. A close-to-real-case scenario test setup was de-
veloped at DBI, Denmark where the sensor worked reasonably.  
Research Target 2: The developed platform within the scope of the SMOKESENSE pro-
ject should be able to reuse for other applications. 
In section 6.3.2, it has been showcased that the UV KAMINA sensor can be used effec-
tively as an explosive gas vapor detector. This indicates, that the KAMINA system has a 
very strong potential in the eNose field to cover a wider range of applications. 
Research Target 3: Investigate the root cause of the limitations of the state-of-the-art 
SnO2 material for gas sensing application and demonstrate a potential solution to mini-
mize as many limitations as possible within the scope of the thesis work. 
In chapters 4 and 6, it has been showcased, that the UV KAMINA can offer better power 
consumption, better stability while minimizes system complexity. Additionally, UV 
Chem-FET KAMINA presented in chapters 5 and 6 may offer better performance in key 








7 Executive Summary and Outlook 
Thanks to European Union Horizon 2020 SMOKESENSE project, this work had one pri-
mary goal, which is to revolutionize fire safety applications by introducing eNose, which 
not only facilitates early fire detection based on smell change but also, inform the user 
which material is going to burn in following minutes. However, there were several tech-
nical challenges for the sensor system to fulfill the key application requirements as a fire 
alarm, which have been targeted within the scope of the thesis work. 
There were several must-have application requirements, which are:  
1. Low power consumption compared to the heater based KAMINA 
2. Fast response time to smell change before the fire breaks out 
3. Reliable sensor stability and selectivity for the burning smell  
To meet the must-have application requirements several technological limitations had to 
be dealt with. 
Power consumption: Traditionally, the KAMINA system used to work based on a 
heater, which needs to operate between 300 °C and 200 °C in continuous mode. Such 
heaters not only consume a lot of power but also facilitates Siloxane contamination which 
makes the sensor less sensitive over time during operation. Instead of using a heater, UV 
illumination has been used effectively, which not only reduced the power consumption 
(UV KAMINA consumes 50 mW, UV Chem FET consumes 4.2W to 9W) but also im-
proves the overall stability of the sensor for the complete lifetime of the final product. 
Furthermore, in-process sensitivity variation due to the use of a fast variation of wave-
lengths or illumination power can be implemented to increase LDA separation quality as 
the next step. 
Fast response time: Compared to a traditional fire alarm system, UV KAMINA is fast, 
as it doesn’t have to wait until a smoke breaks out. It could potentially determine as soon 
as the surrounding smell changes to a burning smell fingerprint signal. Furthermore, UV 
Chem-FET showed an even faster response time makes it an interesting candidate to ex-
plore in the future. 
Apart from these points, there are some more notable highlights: 
I. Successfully demonstrated printed KAMINA sensor, which opens up enormous po-
tential, as the printing technology is becoming mature every day. 
II. SnO2 nanowire production has been optimized in a systematic way, which provides 




III. UV KAMINA has been demonstrated as a platform, rather than a one-time solution, 
which also indicates potential coverage of a wider range of applications. 
However, as an outlook, some critical areas also need to be addressed to ensure a suc-
cessful journey of the KAMINA system from the research arena to the market. 
a. Part to part variation: 
Even though conceptually UV Chem-FET KAMINA is better positioned than UV KA-
MINA with regards to parts to parts variation, the development of UV KAMINA is more 
advanced. UV KAMINA has been developed based on a random distribution of SnO2 
nanowires on interdigitated electrodes, which is the fundamental reason behind the strong 
part to part variation. Even though the prototype has performed very well under defined 
circumstances, it is very difficult to deal with for a real product. Methodologies like, elec-
trophoresis and printing technique need to be evaluated for a potential solution to this 
problem. 
b. eNose calibration, characterization, testing, and validation methodology: 
For a gas sensor, ideally, the sensor response is characterized based on gas concentration 
delivered in a secured gas bottle by companies like Linde or BASI. However, a gas bottle 
with a specific smell concentration is not offered at the moment due to technical limita-
tions. Sometimes, it is possible to prepare a combination of gases such as BTEX or VOC, 
however, it is very much limited to certain applications. To get a reliable and reproducible 
characteristic of an eNose, it is very important to minimize this gap. Alternatively, at least 
a correlated gas response to an eNose application needs to be found, which eventually 
may help to minimize the gap using an advanced algorithm. For a reliable calibration, 
characterization, testing, and validation methodology minimizing such gap are essential. 
c.  Further minimization of the influence of ambient condition: 
A SnO2 sensor is fundamentally influenced by humidity and ambient temperature varia-
tion. UV KAMINA can effectively classify within 30% relative humidity and 70% rela-
tive humidity conditions at 25 °C, which only covers a small window of a typical operat-
ing condition of a wide range of applications. One way to solve this issue can be choosing 
a hydrophobic material like Graphene as a sensing element. Another way can be using an 
additional relative humidity and temperature sensor as a feature parameter for a compen-
sation algorithm.  
d. Influence of a package: 
For the final product, the sensor needs to be delivered within a package. The influence of 
a package on the sensor response is not trivial. From glue to necessary opening of the 
diffusion hole for the package need to be evaluated. Additionally, a secured way needs to 
 
85 
find out so that the sensor characteristics remain intact after different stress tests like vi-
bration test, drop test, etc.  
e. eNose standardization: 
Finally, it is time to push for an eNose standardization activity with participants from 
different eNose developers and end-users. At this point, there is no agreement between 
different stakeholders in the eNose market, which may easily lead to misinterpretation of 
an eNose behavior and potentially hinder the growth of this unique solution.  
In the end, there are several notable achievements in this work, however further work is 
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Appendix I  
UV LED Specification 
 
The characteristics of the UV LED used in this work is presented in this section according 
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